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ABSTRACT
Small silencing RNAs are short oligonucleotide sequences, usually 20-30 nucleotides
long, and include microRNAs (miRNAs), short interfering RNAs (siRNAs), transacting siRNAs
and Piwi-interacting RNAs (piRNAs). These small silencing RNAs play a critical role in the
regulation of gene expression in the genomes of eukaryotes, by guiding gene silencing complexes
to the appropriate target-gene transcripts. Confident identification of genes targeted by miRNAs
is crucial to unraveling their biological relevance. In plants, miRNAs tend to have a high
similarity to their target genes. Computer programs that search transcriptome-wide for sequence
similarity to mature miRNA sequences have widely been used to predict miRNA target genes.
Currently available programs have varying degrees of sensitivity and specificity and hence
predicted target genes require experimental confirmation. Confirmation is time-consuming and
can only be carried out on a one-at-a-time basis. In plants, the results of miRNA-guided,
Argonaute-catalyzed cleavage of target genes are uncapped and polyadenylated fragments that
are stable in vivo. Degradome sequencing is a transcriptome-wide method for capturing the 5'
ends of these stable, diagnostic fragments of cleaved messenger RNA transcripts. Data from
degradome sequencing provides empirical evidence for detecting cleaved miRNA targets and
eliminates the requirement for experimental confirmation. I implemented an efficient and
generalizable computational pipeline for transcriptome-wide empirical detection of cleaved
targets of miRNAs. Using the computational pipeline, I was able to detect previously known
targets of plant miRNAs and transacting siRNAs and also confirm previously predicted targets as
well as detect novel targets.
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Chapter 1
Introduction
Summary
This dissertation consists of two main projects:
1. Degradome sequencing project


I designed and implemented all programs associated with this project. The only
exceptions where the oligomap program and the needle, compseq and revseq programs
from the EMBOSS package.



I also performed all the computational and statistical analyses of the data.



I did not perform the sequencing of the degradome and the Gene RACE experiments.

2. Comparative genomics of endogenous siRNA-producing loci in land plants project


I designed and implemented all the programs used in this project.



I performed all the computational and statistical analysis of the data.



I did not perform the sequencing of small RNAs and the DNA methylation experiments.

1.1 Introduction
Small silencing RNAs are 20-30 nucleotides-long non-coding RNA sequences that play
critical roles in the regulation of eukaryotic genomes of plants, animals, fungi and protists
[17,35,196]. Small RNAs tend to be components of the RNA-induced silencing complex (RISC)
[59,79], which guides the regulation of target RNAs with sequence complementarity. The action
of small silencing RNAs on their target RNAs can result in messenger RNA (mRNA) degradation
[92,115,124,182,204,215], heterochromatin silencing (via DNA methylation and histone
modification) [32,99,223,226], anti-viral defense [48,100,101,142,145] and genome structure
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modification [214]. Based on their biogenesis, the major classes of small silencing RNAs include
microRNAs (miRNAs), small interfering RNAs (siRNAs), trans-acting siRNAs (tasiRNAs) and
Piwi-interacting RNAs (piRNAs).

The workhorses of small silencing RNA biogenesis and action are two ribonucleases –
the Dicer (DCL) and Argonaute (AGO) enzymes [79]. Dicer is an RNAse III enzyme, which
cleaves double-stranded RNA (dsRNA) substrates, resulting in a characteristic 2-nucleotide (nt)
overhang at the 3’-ends. Dicer proteins are at the core of the dicing machinery and are required
for the excision of mature small silencing RNAs from their precursor transcripts during smallRNA biogenesis. AGO proteins on the other hand are RNAse H enzymes at the core of the RISC
complex (the slicing machinery) and they catalyze the regulation of target RNAs through
translational repression or endonucleolytic cleavage of target transcript. AGO proteins contain
two key domains: The PAZ domain is responsible for small RNA binding, while the PIWI
domain is responsible for endonucleolytic cleavage of target transcripts. Mature small RNA
sequences produced by Dicer activity are incorporated into one or more RISC complexes, and
they direct the regulation of target transcripts with sufficient sequence complementarity. It is not
uncommon to find multiple copies of DCL and AGO proteins in the genomes of higher organisms
acting redundantly or with specialized functions. In the flowering plant Arabidopsis thaliana,
there are four DCL and ten AGO proteins [137,193].
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1.2 microRNAs
1.2.1 microRNA Discovery
microRNAs were initially discovered in Caenorhabditis elegans (C. elegans) during a
forward screening experiment to identify genes involved in control of developmental timing. The
first miRNA, lin-4 is 22nt long, deeply conserved among metazoans, and was surprisingly found
to be non-protein-coding [115,204]. Besides forward screening genetics, miRNAs can be
discovered by cloning methods and computational prediction; putative MIRNA gene predictions
require experimental validation [95].

1.2.2 Origin of microRNA genes
A significant number of recently evolved, non-conserved, young miRNA genes
(including MIR161 and MIR163) in the plant Arabidopsis show an unusual extensive similarity to
their target protein-coding gene sequences [3]. This critical observation led to the proposal of the
inverted duplication model of miRNA gene origin in plants [3]. This model proposes that miRNA
genes are formed from inverted duplication of target genes. If the simultaneous expression of the
target gene and the inverted duplicate confers an advantageous (adaptive) fitness, the organism
would be under selective pressure to retain such a pairing. Eventually, neutral drift may affect the
flanking regions of the critical fold-back region, accounting for the dissimilarity outside the
complementarity region between older miRNAs and their target genes. With the passage of time,
the fold-back region also accumulates a few mutations, which explain the imperfectly pairing of
the opposing arms in the hairpin.

The inverted gene duplication model does not account fully for all MIRNA gene
structural forms. Another proposed model is the spontaneous evolution model [44]. In this model
random fold-back sequences derived from inverted repeats regions could form dsRNA substrates

4
for DCL processing. If by chance the mature sequence has sufficient sequence complementarity
to a target gene sequence, the fold-back sequence would be under selective pressure and becomes
a novel miRNA gene [43].

Another viable model was proposed based on recent findings which suggest that
miniature inverted-repeat transposable elements (MITEs) can form imperfectly-paired stem-loop
structures with profiles similar to miRNA precursors [160]. MITEs are non-autonomous DNA
transposons in which their entire DNA sequence consist solely of two directly adjacent terminal
inverted repeats (TIRs) [202]. The opposing TIR arms have similar sequences and hence the
transcription and subsequent folding of MITE RNA sequence can form a precursor miRNA
sequence. Similarly, the abundance of short random repeats sequences present in plant genomes
can also be sources for miRNA hairpin structures.
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Figure 1-1 Biogenesis and function of microRNAs and siRNAs.

1.2.3 microRNA Biogenesis
The primary transcripts of known miRNAs (pri-miRNAs) either originate from within
introns of protein-coding genes or from un-annotated genomic regions (Figure 1-1). Most miRNA
genes in both plants and animals have TATA box motifs upstream of their transcription start sites,
are polyadenylated, may undergo splicing, and have 5’-caps [209]. These characteristics are the
hallmark of RNA polymerase II transcription [118]. After the initial transcription of the miRNA
gene, the pri-miRNA sequence forms an imperfectly-paired stem-loop (hairpin) secondary
structure [104]. Hairpin sizes in animals are mostly uniform while plants show variability in
hairpin size. The biogenesis of mature miRNA is a two step process [17,35,196]. The first step
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involves the cleavage of the double-stranded RNA at the stem of the stem-loop structure to derive
the precursor miRNA (pre-miRNA) [118,219]. The second step is the cleavage of the doublestrand at the loop-end of the pre-miRNA to form the double-stranded miRNA/miRNA* pairing
[123]. In animals, the enzyme Drosha, which is a ribonuclease, cuts the pri-miRNA, and the
resulting pre-miRNA is exported to the cytoplasm [116], where it is processed by a cytoplasmic
DCL protein to derive the miRNA/miRNA* duplex. An exception to Drosha processing in
animals is the recently discovered class of non-canonical miRNAs called miRtrons [150,171].
This new class of specialized miRNAs was found in Drosophila melanogaster and
Caenorhabditis elegans and depends on the splicing machinery to derive pre-miRNAs from
introns, and as a result bypasses the Drosha processing for precursors. Interestingly, the lengths of
the intronic precursor substrates are the same as the length of canonical pre-miRNAs [150,171].

In contrast to animals, both processing steps of plant miRNA biogenesis are performed
within the nucleus where the nuclear endonuclease Dicer, DCL1 is responsible for processing
both the pri-miRNA and pre-miRNA sequences and the miRNA/miRNA* duplex is exported to
the cytoplasm [111,155]. The miRNA/miRNA* duplex is methylated at the 3'-ends by the
methyltransferase HEN1 enzyme [213,217]. Unmethylated 3'-ends of miRNAs show lack of
resistance to uridylation, which can add up to five uridines and result in miRNA/miRNA* duplex
destabilization [121,213].

One strand from the miRNA/miRNA* pair, termed the mature miRNA, is incorporated or
loaded into the AGO-containing RISC complex and directs the repression of target mRNAs with
partial or complete complementarity. Usually the strand with the lowest thermodynamic stability
at the 5'-end is earmarked to be the mature miRNA while the miRNA* degrades [103,117].
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Recent evidence from deep sequencing studies has motivated a revision of the definition
of miRNAs: They must be derived from the precise excision from the base of a hairpin structure
of a single-stranded precursor RNA molecule [141]. This requirement can be reinforced by the
other forms of evidence, including verification of miRNA targets, mature miRNA sequence
conservation and accumulation in Dicer mutants. This new definition implies that some of the
over 8,273 miRNA genes annotations in miRBase [70] are now deprecated.

1.2.4 Biological Role of microRNAs
Forms of miRNA-directed mRNA regulation include AGO-mediated endonucleolytic
cleavage of mRNA transcript, translational inhibition and mRNA destabilization. When the
complementarity between the miRNA and the target mRNA is high (i.e. perfect or nearly
perfect), target cleavage is the preferred mode of regulation, while translational repression is
associated with lower degree of complementarity. Plants miRNAs tend to have extensive
complementarity to their mRNA target sequences and with support from experimental evidence,
it was widely accepted that cleavage is the mode of repression. However, recent experiments have
also provided evidence of extensive translational inhibition in plants [30,45,92,134,219]. Animal
miRNAs on the other hand, have multiple target sites mainly located in the 3' untranslated regions
(3'-UTRs) and complementarity is usually less than extensive. Again, recent evidence also shows
the existence of target sites in mammalian protein-coding regions and 5'-UTRs [62]. To date over
400 miRNA genes have been identified in humans, and they collectively regulate over half of the
protein-coding genes in the genome [70]. Previously, miRNAs were thought to have played a key
role in the evolution of multicellular organism. We now know that functional miRNAs exist in
the unicellular eukaryote Chlamydomonas reinhardtii [144,225]. miRNAs have also been
discovered in primitive metazoans including Nematostell vectensis (sea anemone), Trichoplax
adhaerens (placozoan), Amphimedon queenslandica (sponge) and Monosiga brevicollis
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(choanoflagellate) [72]. Plants have fewer miRNAs and their targets are mainly transcription
factors and other genes involved in growth and development [95]. There are around 180 miRNAs
in the plant Arabidopsis and miRNAs have been found in primitive plants such as moss
Physcomitrella patens [16] and the unicellular eukaryote Chlamydomonas reinhardtii [144,225].
To date no miRNAs have been found in fungi.

1.3 Small interfering RNAs
1.3.1 siRNA Discovery
siRNAs are about 21-24nt long and are derived from long, perfectly double-stranded
precursor RNA sequences [54,77,218]. They play a critical role in RNA interference (RNAi),
where the presence of dsRNA triggers transcriptional and post transcriptional silencing. Early
studies showed that the introduction of a mixture of exogenous sense and antisense transgenes
into Caenorhabditis effectively silenced the corresponding homologous, endogenous gene. Later
experiments in plants show that 21-24nt-long small RNA sequences (siRNAs), which
accumulated in transgenic plants, coincided with silenced gene loci. These findings were crucial
to the discovery of siRNAs and their critical role in genome regulation [59].

1.3.2 siRNA Biogenesis
siRNAs are produced by the action of Dicer enzymes, which recognize long, perfectly
double-stranded RNA (dsRNA) sequences (Figure 1-1). The dsRNA precursor sequences can be
realized from multiple sources, including the action of RNA-dependent RNA polymerases
(RDRs) on single-stranded RNA templates [99,129], bi-directional transcription of viral DNA
sequences [48,145], fold-back sequences produced by inverted repeat sequences [210],
occurrence of overlapping transcripts [25,82,100,101], and the miRNA-initiated cleavage of
single-stranded target transcripts [4,159,194]. Independent of the mechanism of production, the
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long perfectly, double-stranded RNA precursor is processed by Dicer proteins, which cleave the
transcript into 21-24nt-long siRNAs. In Arabidopsis, DCL2, DCL3 and DCL4 Dicer enzymes
produce 22, 24 and 21nt long siRNAs respectively, while Physcomitrella patens DCL3 is
singularly responsible for the production of a mix of 21, 23,24 nt long siRNAs in consistent ratios
[38]. Primary siRNAs can invoke further amplification of silencing by the production of
secondary siRNAs. For example plant RDRs can process cleaved viral single-stranded RNAs to
produce double-stranded viral RNAs, which are then processed by Dicer enzymes to produce
secondary siRNAs [142,195]. With only a few exceptions, most MIRNA gene loci usually
produce a single and dominantly expressed mature sequences from one strand of the
miRNA/miRNA* duplex. By contrast, analysis of siRNA-producing loci shows no evidence of
strand-specific siRNA preference and the siRNAs accumulate with nearly equal abundance on
either strand of the producer locus. The siRNAs are loaded into AGO-containing
ribonucleoprotein complexes and guide the transcriptional or post-transcriptional silencing of
target loci. As opposed to miRNAs, which target transcripts outside the miRNA gene loci,
canonical siRNAs are mainly cis-acting, i.e. they regulate the regions from which they are
produced and their flanking regions.

Until recently, endogenous siRNAs had evaded discovery in bilaterian animals; albeit the
fact that the introduction of exogenous sources of dsRNA can trigger the production of functional
siRNAs in these metazoans. The absence of RDRs (a key component of the siRNA production
pathway) in vertebrates and arthropods further buttressed this plausibility. New evidence points to
existence of actively expressed endo-siRNAs derived from convergent transcripts and antisense
homologous pseudogenes in D. melanogaster and Mus Musculus (house mouse) genomes
respectively [41,151,187].
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1.3.3 Biological Role of siRNAs
In Arabidopsis, siRNAs derived from 5’ tandem repeats found in the promoter regions of
the FWA gene have been implicated in de novo methylation [32]. A host of other siRNAs in
Arabidopsis plays a role in chromatin modification and DNA methylation [33,34,99,223,226].
Plant siRNAs also play an active role in the defense of plant species from invasive nucleic acids
and viruses. The sources of the siRNAs in plant defense include the bi-directional transcription of
viral DNA transcripts, double-stranded RNA from RNA viruses and viral hairpin structures
[48,77,84,145].

In vertebrates, the functional characterization of the recently discovered endogenous
siRNAs (endo-siRNAs) in mice and Drosophila, show that these small RNAs play a role in
posttranscriptional gene regulation and genome defense [41,151,187]. Evidence in the fission
yeast Schizosaccharomyces pombe, show that siRNAs derived from repeat regions are required
for the silencing of loci containing repetitive DNA sequences and genes located in
pericentromeric regions, through heterochromatin formation [69,143]. In the unicellular
eukaryote Tetrahymena thermophila, small RNAs have been associated with genome
reorganization and defense. Tetrahymena is characterized by nuclear dimorphism: The presence
of two types of nuclei in a single cell. The macronucleus is transcriptionally active in nongermline cells, while the micronucleus is silenced in the germline. The Tetrahymena small RNAs
derived from double-stranded RNA transcribed from the micronucleus are incorporated in AGOcontaining complexes which direct methylation and formation of heterochromatin [214].
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1.4 Trans-acting siRNAs
Trans-acting siRNAs (tasiRNAs) are 21-22nt-long small RNAs found in plants, which
depend on both the miRNA and siRNA pathways for their biogenesis [192]. The tasiRNAs
usually occur in 21nt phases along the long double-stranded RNAs, from which they are derived
from both sense and antisense strands.

1.4.1 tasiRNA Discovery
The tasiRNAs were discovered during molecular studies of Arabidopsis RDR6, where it
was revealed that a novel non-coding RNA accumulated in rdr6 mutants, but was absent in the
mutants of other miRNA biogenesis pathway proteins such as ago1, hyl1 and hen1 [4,159,194].
The small RNAs derived from the tasiRNA locus showed signs of 21nt phasing and seemed to be
derived from double-stranded RNA products typical of RNA-direct RNA polymerase activity.
Further analysis show that tasiRNAs are loaded into RISC complexes and direct AGO-catalyzed
endonucleolytic cleavage of mRNA transcripts [19,161].

1.4.2 tasiRNA Biogenesis
The primary TAS gene transcript is RNA polymerase II-dependent and is cleaved by the
action of miRNA-directed RISC activity, to produce the precursor TAS gene sequence. The
cleavage site defines the starting point for the phasing of the subsequent tasiRNAs derived from
the precursor TAS transcript. In Arabidopsis, miR173 cleaves the TAS1 [194] and TAS2 genes [4],
miR390 defines the TAS3 precursor [159], while miR828 initiates the TAS4 precursor [164].
TAS1, TAS2 and TAS4 precursors are derived from the 3' end of their respective primary TAS
genes while the TAS3 precursors are derived from the 5' end. The single-stranded precursors
define the substrates for RDRs, which produce double-stranded RNAs that are subsequently
cleaved by Dicer proteins into 21nt-long, phased tasiRNA duplexes. In Arabidopsis, RDR6/DCL4
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proteins respectively direct the production of the double-stranded substrate and the tasiRNA
duplex [86]. One strand of the duplex is preferentially loaded into the AGO1 or AGO7-containing
RISC complex and directs the cleavage of mRNA transcripts. TAS1-, TAS2- and TAS4-derived
tasiRNAs associate with AGO1-RISC while TAS3-derived tasiRNAs interact with AGO7-RISC.

1.4.3 Biological Role of tasiRNAs
In Arabidopsis, TAS1 genes target several genes of unknown function while TAS2 genes
regulate a subset of genes in the pentatricopeptide repeat (PPR) family; the PPR gene family has
441 members and is characterized by a 35 amino acid PPR motif. TAS3 genes regulate two auxin
response factor (ARF) genes, namely ARF3 and ARF4 [206]. Finally, TAS4 genes target a subset
of MYB transcription factor genes. Unlike miR173 and miR828, miR390 is an ancient, conserved
miRNA and has two conserved target sites on the target tasiRNA-generating loci, which are
found on opposing 3' and 5' ends. Although experimental evidence supports binding by miR390
at the 5' complementary site, no cleavage product from the 5’ end has been identified; this in
contrast to the 3' complementary site which is cleaved in vitro [15]. The critical 10th nucleotide of
complementarity position in the 5' site has a mismatch while the 9th and 11th positions contain
G:U wobbles. The existence of the dual complementarity sites predominantly in TAS gene
transcripts has been proposed to be a distinguishing mechanism that triggers tasiRNA production
[15].

1.5 Piwi-interacting RNAs
Piwi-interacting RNAs (piRNAs) are 26-30nt-long small RNAs produced in the germline
of metazoans and function in germline maintenance by controlling transposon activity [11,67,73].
piRNAs can be classified into two groups; repeat-associated piRNAs and another class with
unknown functionality. The length class of piRNAs precludes Dicer processing in their
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biogenesis; piRNA biogenesis pathway has not been clearly explained. It is also known that
piRNAs are produced from single-stranded substrates and hence the biogenesis may exclude the
involvement of siRNA pathway proteins [74,114]. Studies using ovarian tissue in Drosophila
melanogaster show that most piRNA-producing loci are located within transposon-rich regions of
pericentromeres and telomeres [173].

1.5.1 piRNA Discovery
Studies in mice and Drosophila show that the mutations in the PIWI gene family result in
germline developmental defects. Other evidence implicated PIWI genes in the control of
transposons and other mobile elements in the germline. This phenomenon inspired the search for
small RNAs that guide transcript regulation by PIWI genes. Genetic studies identified unique
small RNAs that were longer than miRNAs and siRNA species and were specific to the mouse
germline. These ~30nt-long, small RNAs interact with MIWI (mouse PIWI) proteins instead of
AGO proteins in the RISC complex [11,67,73].

1.5.2 piRNA Biogenesis
The ping-pong model was proposed as an explanation for the biogenesis of piRNAs [27].
In this model, primary sense strand piRNAs derived from piRNA-producing loci are loaded into
an AGO3-containing RISC complex. AGO3 is a member of the PIWI-class AGO protein family
and mediates the cleavage of anti-sense transposons transcripts [74,190]. The cleaved target
transcript of AGO3-mediated cleavage defines the precursor from which anti-sense piRNAs are
produced. A PIWI protein binds the 5' end of the precursor transcript and cuts off the 3' end,
resulting in a 26-30nt-long piRNA with the 3' end methylated by HEN1 action. The anti-sense
piRNAs are loaded into PIWI-containing complexes and in turn direct the cleavage of sense
transposon transcripts from which sense piRNAs are similarly derived. This alternating action of
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sense and anti-sense piRNA production mimics a ping-pong movement. It is interesting to note
that the 5' ends of piRNAs are 10nt offset from the cleavage site [27].

1.5.3 Biological Role of piRNAs
Studies using Drosophila germline cells shows that antisense piRNAs derived from
defective transposons play a critical role in the formation of heterochromatin and the silencing of
retrotransposons [27,105,190]. In Zebrafish (Danio rerio) piRNAs derived from testis and ovaries
interact with Ziwi (Zebrafish PIWI) proteins to guarantee germline maintenance through
silencing of transposons [85]. In mice, piRNAs play a similar role of transposon repression in the
germline [10,200]. Genetic experiments involving the crossing of different strains of Drosophila
(which differ in their transposon-type content) showed that piRNAs derived from maternal
origins are essential for transposon silencing [28]. This shows that piRNAs have a role in
epigenetic control and fertility. Evidence from studies in mice, also show that piRNAs interact
with mouse PIWI (MIWI) proteins during embryogenesis to direct de novo methylation in germ
line cells [9].

1.6 Next-Generation DNA Sequencing Technology
Next-generation sequencing methods represent a revolution in DNA sequencing
technology [126,136,178]. These techniques encompass the parallel sequencing of millions of
DNA fragments on a single DNA chip. These high throughput methods can easily generate short
reads (35-250 base pairs) covering a billion bases over a short period of time at very low
sequencing cost. High throughput sequencing has revolutionized scientific approaches to
genome-wide studies. They have seriously reduced the time and effort required to sequence
genomic samples and opened up new fields of research. In particular, next-generation sequencing
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has greatly benefited small non-coding RNA research; more distinct classes of non-coding RNAs
have been identified. The length of sequencing reads also favors the short lengths of small RNAs
and this has led to the discovery of new, non-conserved and recently evolved small RNAs, which
had escaped detection using earlier methodologies. Subsequently, new questions in the area of
small-RNA evolution are now open for investigation: what is the extent of small-RNA
contribution to genome and gene regulation, and also what novel silencing mechanisms and
activity are waiting to be discovered?

Some of the prominent next-generation instruments [136] include the Roche/454
pyrosequencer [87], Solexa/Illumina genome analyzer [90], Applied Biosystems SOLiD
sequencer [88], Helicos Heliscope [89] and Pacific Biosciences SMRT [91]. In general, all the
methods initiate by fragmenting DNA obtained from an organism of choice and annealing adapter
sequences to the flanks of each fragment. The fragmented sequences are then amplified by
emulsion PCR and affixed to the surface of the DNA chip for the subsequent sequencing reaction.
The various next-generation methods can be classified based on the method of arraying the DNA
fragments.

1.6.1 454 Pyrosequencing method
In this method [87] the fragment library is mixed with agarose beads bearing
complements of the adapter sequences embedded into their surface. Each fragment hybridizes to a
single bead and emulsion PCR amplifies the DNA fragment-bearing beads in microreactors. The
amplified fragments are then sequenced. The Pyrosequencing method uses DNA polymerase to
incorporate a new nucleotide, and the released pyrophosphate is an input to a series of reactions
that result in the emission of light, catalyzed by the luciferase enzyme. The light intensity
determines the incorporated nucleotide.
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1.6.2 Illumina sequencing method
The Illumina-based method [90] uses bridge PCR amplification. By this method, DNA
fragments are amplified by primers attached to the surface of the flow cell (DNA chip). This
method also uses DNA polymerase to synthesize multiple copies of each DNA fragment. Using
sequencing-by-synthesis method, the four (3'-OH blocked) types of nucleotides are labeled with
fluorescent material and along with DNA polymerase, are poured into the flow cell. A single
nucleotide is incorporated every single round, while the un-incorporated nucleotides are
discarded.

1.6.3 SOLiD sequencing method
This method [88] uses sequencing-by-ligation method. DNA fragments are attached onto
the surface of a magnetic bead and placed into the flow cell. The sequencing step involves the
annealing of primers to the adapter sequences of each amplified DNA fragment, and this is
followed by adding DNA ligase and a 8-mer embedding a fluorescent group. Each successful
ligation results in the emission of influorescent light. This method also uses a novel two-base
encoder/decoder scheme.

1.7 DNA sequence complementarity search methods
1.7.1 Introduction
Studies of miRNA:target interaction show that in silico prediction of miRNA targets is
possible , due to the existence of partial or near perfect complementarity between the pair. Hence
it is obvious that the core of any computation effort would require exact string matching
algorithms to find perfect sequence matches, while approximate string matching algorithms
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would be used to find partial and near perfect sequence matches between mature miRNA
sequences and candidate target transcripts.

1.7.2 Exact string matching algorithms
Problem formulation
Given a pattern string P of length m and a text string T of length n, where 0<m≤n, find all
occurrences of P in T.
Approaches to finding exact string matches include the brute-force method, comparisonbased methods and hashing methods.
Brute force method. This is a naïve solution to the exact string matching problem that
successively compares all n-m+1 substrings of T of length m to P and terminates when an exact
match is found or all substrings to be matched are exhausted. The positions where P matches T
are reported, if any. The worst-case running time of this algorithm is Θ(mn).

Comparison-based methods. As the values of n and m grow, the performance of the
brute force methods deteriorates drastically. Moreover, extra memory (buffer) is required in the
backtracking state whenever a mismatch position occurs. The Knuth-Morris-Pratt (KMP) method
is an improvement over the brute force method [106]. This algorithm requires a preprocessing
step to gather information from the pattern string to speed up the shifting and avoid backtracking.
Shift information is stored in a pre-computed next table, which is generated in Ο(m) running time.
The worst-case running time of this algorithm is Ο(m+n). A much faster method is the BoyerMoore (BM) Algorithm [170]. This algorithm uses two pre-computed tables called the shift and
next tables. The improvement in this approach is the elimination of substrings of the text string T
that do not contribute to an exact match to the pattern string P. Current refinements based on the
BM algorithm can have worse-case running time of Ο(m).
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Hashing Methods. Applying hashing functions to find pattern strings in text strings was
introduced in [133]. The motivation is that if the search pattern string is not a substring of the text
string, then a fast computational technique to test this likelihood is desirable. Following the
partitioning of the text string into m-length substrings a hash function converts each substring into
a numeric value called the signature or hash value. The hash function has a worst-case running
time of Ο(m). To avoid re-computing hash values for every pattern string search, the hash values
are stored in a hash table and hence a Ο(1) lookup . Each hash entry in the hash table can be
associated with a linked list containing all starting positions in the text string corresponding to the
substring associated with the hash value. A collision occurs whenever a hash function generates
the same hash value for two distinct strings. A good hash function reduces the number of
collisions. The Rabin-Karp (RK) algorithm [169] has an average-case running time of Ο(n+m)
and is characterized by a rolling hash scheme. The worst-case running time for the RK algorithm
is Ο(nm).

1.7.3 Approximate string matching algorithms
Definitions
Prefix. A prefix of a string is a substring starting from the leftmost position of the string.

Suffix. A suffix of a string is a substring ending at the rightmost position of the string.

Proper prefix (or suffix). A proper prefix (or suffix) of a string is a prefix (or suffix)
which is neither the empty string nor the entire string.

19
Edit distance. Given two strings, t1 and t2, the edit distance, also called the Levenshtein
distance [119], is the minimum number of atomic operations required to transform t1 to t2 and
vice versa; Atomic operations include insertion, deletion and substitution. If the cost of each
operation is 1, then distance (k) between the pattern string of length m and the text string of length
n is bounded by m. i.e. 0≤k≤m. For a perfect match, k=0, while k ≤ m/2 is considered to be an
upper bound for a reasonable approximate match.

Problem formulation
Given two strings, t1 and t2, find the optimal edit distance between t1 and t2.

A naïve approach to find approximate matches requires an exhaustive evaluation of all
edit distances of the pattern string in the text string and the worst case running time is Ο(n3m).
The next section discusses existing efficient algorithms for finding approximate string matches
between a pattern string and the text string.

Suffix trees. Generating indexes to all non-empty substrings of a string in linear time is
one efficient technique to speedup search for inexact matches. For an alphabet defined over n
unique symbols, a trie [52,107,163] is a search-tree data structure in which every edge
corresponds to a symbol in the alphabet and sibling edges are distinct. Hence the degree, d say, of
each node in the tree is less than or equal to n. Traversal of the tree from the root node towards
leaf nodes tends to constructs a substring of the input string. A suffix trie is a trie which contains
all suffixes of a given string, such that no suffix is a prefix of another. Hence, each node of a
suffix trie represents a unique substring of the string. Search for a pattern string of length m say,
in a suffix trie has a running time of Ο(m). Although search is efficient, the tree construction
stage for a text string of length n, has a time performance of Ο(n2). Searching for a pattern string
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requires comparison operations, starting from the root node and proceeding down toward to the
leaf nodes.

A Suffix tree [201] is an evolution of the suffix trie which improves performance by
compressing paths having nodes with singleton child nodes. Hence an edge representing a
compressed path corresponds to a substring, instead of a single symbol. The worst case running
time to build the suffix tree is Ο(n), where n is the length of the input string [53,189].

Dynamic Programming
The dynamic programming method [21] is an efficient method for solving some
classes of search and optimization problems. The method is applicable to problems that can be
partitioned into a set of overlapping sub-problems and the local solution to each sub-problem is
cached (instead being recomputed) and can be reused multiple times to solve the larger subproblems. A global optimal solution to the original problem can be derived in this manner.
Usually a directed acyclic graph (DAG) data structure is required to represent state and
dependency information required to implement a dynamic programming solution. In the DAG
data structure a node represents a sub-problem and an edge defines the precedence constraint on
the ordering for solving sub-problems. Hence if k nodes, n1, n2, …, nk , say , point to node m in
the DAG, then solving larger sub-problem m requires the fetching of previously computed results
for all the ni (i=1,…,k) smaller sub-problems. This method has been implemented as an efficient
solution to the local and global sequence alignment problems [149,181].
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1.8 Target Prediction Methods
Many exact and approximate string searching algorithms form the core of many miRNA
target prediction programs. In this section I examine the various miRNA target prediction
algorithms that have been implemented for various model organisms.

1.8.1 Target prediction methods for metazoans
Several prediction methods

have been implemented to search for

miRNA

complementarity regions on target genes in metazoans. The methods vary in what conditions
need to be satisfied by the putative target sites; requirements may include target site conservation
in the 3’-UTR, thermodynamic stability of miRNA:target duplex and seed-pairing. Using various
combinations of the above requirements led to varying degrees of sensitivity and specificity of the
prediction methods. For example, the downside of the conservation requirement is that it leads to
less sensitivity by excluding non-conserved target sites. Also, not all 3’-UTRs are well annotated
in all model organisms. Moreover specificity is reduced if any member of the conserved family is
not functional in vivo. Overall, these method are evolving constantly by incorporating new
insights from miRNA:target-site interaction data obtained from ever-improving experimental
protocols [18,20,29,49,50,62,75,131,222].

TargetScan. This was one of the seminal methods implemented to search for miRNA
targets in mammalian genomes (including human and mouse), and also flies and worms [71,120].
The current version of the method searches the seed region for perfect 7mer or 8mer
complementarity to the 5’-end of the miRNA sequence. If the complementarity between the
candidate mRNA and the miRNA is not extensive within the seed region, the candidate mRNA
can still be selected as target if there is a compensating extensive complementarity at the 3’-end
of the target site. The conservation of the complementarity sites in orthologous mammalian
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3’UTR sequences is a requirement for reducing false positives in mammalian target searches.
Besides 3’UTR regions, coding regions are also scanned for potential target sites [49]. Using a
robust statistical framework, a probability of preferentially conserved targeting (PCT) score
assigns a measure of biological significance of individual mammalian target sites found.
TargetScan analysis shows that over 45,000 sites (within human 3’ UTRs) corresponding to about
60 percent of protein-coding genes are possible miRNA target sites in humans [62].

EMBL Method. This method was applied to D. Melanogaster and uses HMMer (a
hidden markov model implementation) [51], to search for complementarity between 3’-UTRs of
mRNAs and the first 8 nucleotides of the 5’-end of miRNA sequences, allowing G:U mismatches
[26,183]. Candidate sequences with orthologous 3’ UTR sites in Drosophila pseudoobscura and
Anopheles gambiae were retained for downstream analysis. The MFold algorithm [227] estimates
the free energy of mRNA:miRNA duplex at the complementarity region as a measure of
thermodynamic stability. All sites are assigned scores based on level of conservation and the
stability of the duplex. Free energy estimates for multiple, random mRNA:miRNA duplexes were
used to ascertain the statistical significance of the candidate mRNA target sites.

miRanda. This method was implemented for the search of miRNA:target sites in D.
Melanogaster [55]. Similar to the EMBL method, this genome-wide approach also searches for
high-complementarity regions in the 3’ UTRs of mRNAs. Also, conservation of the target sites in
D. pseudoobscura and A. gambiae as well as thermodynamic stability of the RNA duplex are
required; the Vienna RNA folding package [207] estimates the thermodynamic stability. Unlike
the EMBL method, miRanda uses a position-weight scoring matrix in a local alignment program,
to search for complementarity; base-pairing in the 5’-end of miRNA scores higher than those
found in the 3’-end.
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PicTar. The PicTar method searches for conserved miRNA target sites by using genomewide alignments of multiple orthologous vertebrate 3’ UTRs [109]. For a given set of query
miRNAs or co-expressed miRNAs and multiple alignments, the program produces a list of
predicted target genes, which are ranked by a maximum-likelihood HMM. The algorithm
partitions a UTR sequence into windows, with the flanking sequences of each window serving as
a de facto background for signal-to-noise evaluation. By mimicking a probabilistic model that
searches for combinatorial binding sites of transcription factors on an mRNA transcript, the
maximum likelihood of the transcript sequence to be the target of multiple miRNAs is evaluated
by the combined estimates derived for each window along the transcript. This method was the
first of its kind to resolve common targets of co-expressed miRNAs; the algorithm also predicts
target sites for single miRNAs.

PITA. This method uses insight from the impact of target site accessibility on level of
miRNA repression, to implement a parameter-free model of mRNA:miRNA interaction at the
complementarity site [102]. The model, estimates the energy required to unfurl base-pairing in
the target sequence and also the energy required to form a mRNA:miRNA duplex. Evidence
show that the energy difference (so called ΔΔG) is strongly correlated with the extent of target
repression. Hence this method takes into account the effect of flanking sequences of the target site
on repression level of the target.

EIMMo. This model uses a Bayesian model to predict miRNA target sites in D.
Melanogaster, C. Elegans, Danio Rerio and several mammals [64]. For each individual miRNA,
this method is able to predict target sites for individual organisms and related species. The
EIMMo approach uses Bayesian inference to generate the phylogenetic distribution of target sites
for individual miRNAs.
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mirWIP. This method was implemented to make miRNA predictions based on empirical
evidence of target site characteristics derived from thousands of mRNAs detected by
immunoprecipitation of RISC components, AIN-1 and AIN-2 [222,78]. Although earlier
experiments support the most widely used properties of mRNA:miRNA interaction, the relative
contribution or importance of each to target prediction had not been investigated. In this method,
results from the analysis of the immunoprecipitation data is used to model a weight matrix which
specifies the relative importance of target site accessibility, complementarity site within 3’UTR,
structural stability of the mRNA:miRNA duplex and target site conservation.

1.8.2 Target prediction methods for plant genomes
In most plant genomes miRNAs tend to have perfect or nearly perfect complementarity to
their target mRNA transcripts and the targets. Indeed the first miRNA discovered in plants
(miR171) was suggested to be a singleton ―trans-acting‖ siRNA, since it had perfect
complementarity to its miRNA-directed targets (scarecrow-like genes) [127]. Extensive
complementarity in plants led to the adoption of computational algorithms as the easiest and most
prolific technique for identifying putative targets. Hence several computational methods have
been implemented to find plant miRNA targets by basically searching transcriptome-wide for
genes with perfect or nearly perfect complementarity.

After the initial identification of the first miRNAs in plants [127,165], a method was
implemented by Rhoades et al. (2002) [167] to predict targets genes by searching for mRNAs
with extensive complementarity to miRNA sequences. The method uses the Patscan patternfinding program [47] to identify genes having less than four mismatches within the
miRNA:mRNA region of complementarity. This method regards non-canonical base pairing
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(including G:U wobbles) as mismatches and gaps were inadmissible. This led to the prediction of
the target genes regulated by the seminal 14 out of 16 miRNAs found in the Arabidopsis genome.
Most of the targets predicted by this method were transcription factors associated with
development and it was not uncommon to find all targets of a particular miRNA being members
of a gene family. To determine the probability of the predictions occurring by chance, 10 random
shuffles of the miRNA sequences (of equal length and similar base composition) were used in
subsequent target predictions. Analysis of homologs of the target genes in Orzya sativa genome
provided evidence of complementarity site conservation for a subset of these targets. This
approach predicted 49 distinct target genes in Arabidopsis. Figure 1-2 shows a typical class
miRNA:mRNA base pairing identified by the Rhoades et al. (2002) [167] method.

Figure 1-2 A miRNA:mRNA complementarity site with a single mismatch.

Experimental studies revealed that some complementarity sites included bulges and gaps.
Hence, by prohibiting gaps and bulges in the complementarity region, the method used in
Rhoades et al. (2002) [167] was a bit too stringent in prediction and may have excluded some
bona fide targets. The method in Jones-Rhoades et al. (2004) [95] was introduced as a refinement
of the earlier method and it allows for gaps and bulges in the complementarity region. Instead of
simply scoring by counting the number of mismatches, this method introduced a more sensitive
complementarity scoring system which is complemented by a requirement of site conservation in
O. sativa. Penalties for G:U mismatch, non-G:U mismatch and bulges were 0.5, 1.0 and 2.0
respectively, while a perfect match base pairing had a zero penalty. The score for a
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miRNA:mRNA complementarity pair is the sum of all individual site penalty scores. A longer
miRNA has a higher probability of incurring more mismatches. In order not to penalize longer
miRNAs, any miRNA longer than 20 nt was scored over a sliding 20-nt window. Generally, high
confidence predictions had complementarity score of less than 3.5. Figure 1-3 shows an example
of the refined scoring system. This method resulted in the experimental confirmation 19 novel
targets in Arabidopsis and provided critical insight into new miRNA functions besides
developmental regulation.

Figure 1-3 Complementarity scoring system I. This was used by Rhoades et al. (2004) [95].

The prediction method in Allen et al. (2005) [4] was very similar to the method in JonesRhoades et al. (2004) [95] and it used a slightly different complementarity scoring system. The
innovation in this method was the design of rules based on extensive profiling of an increasing
number of rigorously defined miRNA:mRNA target pair dataset. A study of each individual site
within complementarity regions revealed the likelihood or frequency of mismatch at all site. This
led to the discovery of the critical positions 2-13 region of the miRNA where mismatches are less
likely to occur. The profiling also takes into consideration the RNA duplex stability and site
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conservation in orthologs. A G:U mismatch attracted a penalty of 0.5, all other mismatch types,
gaps and bulges had a penalty of 1.0. The penalty of any base pair site within the critical 2-13
region of complementarity to the miRNA is doubled. Figure 1-4 shows an example of a typical
complementarity scoring.

Figure 1-4. The complementarity scoring system II. This was proposed by Allen et al. (2005) [4]

The method in Wang et al. (2004) [198] used a curated set of known and predicted
Arabidopsis miRNAs that were conserved in Oryza. Arabidopsis mRNA sites showing extensive
complementarity with the select miRNAs were selected based on the scoring of local alignments
between the miRNAs and mRNAs, using an implementation of the Smith-Waterman local
alignment algorithm [181]. The score matrix used in the aligner assigned a higher penalty for a
gap than for a mismatch. Also the penalty for contiguous gaps was much lower than for nonconsecutive gaps. This method went further to estimate the free energy of the miRNA:mRNA
duplex as an extra filter. The method successfully found 94% of previously known and predicted
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conserved miRNA targets in Arabidopsis. Applying the method to 83 novel miRNAs led to the
prediction of 371 conserved targets of 77 miRNAs.

1.8.3 Experimental Target Detection Methods
Most plant miRNAs direct the negative posttranscriptional regulation of their
target mRNAs by either the cleavage or translational repression of target transcript. Microarray
experiments designed to analyze mRNA expression data from plants overexpressing miRNAs
have been used to find down-regulated target genes [153,176]. The microarray-based method was
used in the detection of targets of Arabidopsis miR156, miR159, miR164 and miR319. The end
products of AGO-mediated cleavage of miRNA targets are stable, uncapped 3’ fragments having
5’ end monophosphates and the modified 5’ RACE has been widely used to confirm predicted
miRNA targets by isolating the 3’ stable fragments [128]. The detection of uncapped mRNAs
using a modified version of the 5’ RACE method followed by microarray hybridization of the
amplified cDNAs (from the isolated uncapped mRNA fragments) has been used for
transcriptome-wide detection of cleaved miRNA targets in Arabidopsis [61,94].

By assuming that the physical interaction of miRNAs and their respective targets is stable
in vivo during translational repression, immunoprecipitation experiments to purify AGOcontaining, miRNA-associated ribonucleoproteins (miRNPs) was used to experimentally detect
miRNA targets in Drosophila and human cells [20,50]. Although this approach identified several
miRNA targets, less stable miRNA-targets may be omitted in the immunopurification of the
AGO-containing RISC complexes. The method used in Zhang et al. (2007) [222] combines coimmunoprecipitation, high throughput sequencing and microarray analysis to identify about 3500
miRNA targets in Caenorhabditis. Two members of the GW182 protein family, AIN-1 and AIN2 interact specifically with miRNA-associated Argonaute proteins in RISC complexes [222].
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Hence this approach identifies miRNA targets by capturing the interaction of mRNAs and
miRNA-associated RISC complexes. Another immunoprecipitation-based method [97] combined
with microarray analysis was used to detect in vivo targets of miR-124a in Caenorhabditis.
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Chapter 2
Degradome Sequencing Method
2.1 Introduction
Although several genes in model plant and animal organisms had been identified as
targets of small silencing RNAs, there is no comprehensive atlas based on experimental
observation of targeted genes for most organisms. Several computational algorithms (as discussed
in the previous chapter) [26,55,64,71,78,102,109,120,183] have been developed for the automatic
prediction of targets of small silencing RNAs, and the prediction sets of the various prediction
algorithms are considered to be putative, although their statistical significance is enhanced by the
availability of supporting evidence from conservation data; especially in the case of animal
miRNAs [62]. Recent studies in metazoans mitigated the earlier problem of varying degrees of
sensitivity and specificity of metazoan target prediction methods [18,29,62]. Prediction of targets
in plant genomes is relatively easier due to the perfect or nearly perfect complementarity to the
target site sequence. One definitive way to distinguish a spurious prediction from a true target is
by time-consuming in vivo or in vitro experimental validation of one target at a time. The
availability of a comprehensive list of confirmed small RNA targets would be an invaluable tool
for genomic studies.

RNAi-mediated gene silencing can take the form of translational repression or
cleavage of mRNA product. The former is preferred when the complementarity between the
guide small silencing RNA and the scissile site of the target mRNA is less than near perfect. In
the latter form of silencing, the mRNA is cleaved into two fragments by an AGO-containing
complex and the 5` cleavage product undergoes rapid degradation, while the 3` cleavage product
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persists and is characterized by a 5` monophosphate and a 3` poly-A tail. Although recent studies
show that translational repression of miRNA targets in plants is pervasive [30], most of the well
studied plant miRNA targets tend to have single cleavage sites and cleavage occurs between the
10th and 11th nucleotides of complementarity at the cleavage site [128]. Thus, it can be assumed
that the first ten nucleotides in an intact 3` cleavage product will possess some form of
complementarity to the 5' of the miRNA (Figure 2-1). Deep sequencing coverage of cDNA
libraries enriched in such 3' cleavage products can be used on a genome-wide scale to
comprehensively identify cleaved small RNA targets.

2.2 Methodology
The methodology for detecting cleaved targets of small silencing RNAs has two distinct
components. The first component is experimental and involves the sequencing of cleavage
signatures of degraded mRNA targets. The second component is computation-intensive and uses
the cleavage signatures obtained from the first stage for transcriptome-wide prediction of mRNA
targets for the entire genome; the well studied Arabidopsis thaliana genome was used for this
study. Next, I describe the two above mentioned steps in detail.

Experimental Method
To identify the targets of small silencing RNAs, 3`-ends of mRNA cleavage products of
the Arabidopsis genome will be sequenced using any appropriate deep sequencing technique. An
earlier pioneering effort [128] showed that 3` cleavage products can be identified by using a
modification of the 5` rapid amplification of cDNA ends (5`-RACE), illustrated in Figure 2-2. A
modified version of the 5`-RACE technique was designed for this investigation. In its original
form the 5`-RACE technique is limited to one-at-a-time target validation and is further limited by
the dependence on computationally derived targets. The ―one-at-a-time‖ mode of validation is
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laborious, while the predicted targets used as input might not be experimentally viable. Here I
introduce our sequencing method which we designate as degradome sequencing (Figure 2-3).

Figure 2-1 Small RNA cleavage site characteristics in land plants.

The first step in degradome sequencing requires the isolation of total RNA from
Arabidopsis (or the particular plant) and then using oligo-dT agarose beads to purify the polyA+
RNA, reserving the poly A- fractions for use in blot or cDNA sequencing-based analysis of the
small RNAs in the sample. Next, the polyA+ RNAs will undergo adapter ligation using T4 RNA
ligase and a synthetic 5` adapter RNA. The T4 ligation process links substrates with a 3`OH and a
5` monophosphate, and as a result uncapped polyA+ RNAs are retained while full length, capped
mRNA sequences fail to be ligated. Re-purification of polyA+ RNA will ensure that potential
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sequence artifacts originating from unligated RNA adapters will also be excluded from further
processing. The resultant RNAs will be reverse transcribed using random primers (hexamers).
This process will then be followed by purification by alkaline hydrolysis which degrades RNA
and leaves only negative-strand cDNAs. Primer extension of the produced cDNA will result in
double-stranded DNA production. A recognition site for an MmeI restriction enzyme is added to
the last six nucleotide positions in the 3` end of the 5`RNA adapter and the subsequent action of
MmeI on the amplified pool results in the cleavage of the 20nt DNA, in addition to the 5` end
adapter. Next, T4 ligase is used to ligate the pool to a double-stranded DNA adapter. The ligated
sequences are then purified using polyacrylamide gel electrophoresis (PAGE) and then amplified
using oligonucleotides for the 5` and 3` adapter sequences. The resulting amplified pool will then
be sequenced using an advanced sequencing technique such as pyrosequencing. The sequence
reads of mRNA cleavage signatures will be ready for use in the computational stage.
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Figure 2-2 Schematic description of the modified 5’ RACE method
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Figure 2-3 Schematic description of the degradome sequencing method
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Computational Method
After removing the flanking adapter sequences from the reads produced in the
experimental step, the resultant ~20nt-length cleavage signatures will be mapped to the annotated
Arabidopsis cDNA sequences. For any matching site, the 20nt sequence is extended by 15nt
upstream of the sequence to define a 35nt ―query‖ sequence. The query sequences represent the
cleavage site sequence and as such captures the sequence which must contain the initial degraded
5` cleavage product as well as the stable 3` cleavage product. The 35nt query sequence is used in
sequence searches for matches in publicly available databases [70,76] containing all identified
small silencing RNAs in the Arabidopsis genome. Any matches found in which the 5` of the
cleavage signature terminates at the 10th nucleotide of complementarity with the candidate small
RNA is an indication of a target-trigger pair. The genes with cDNAs or mRNAs corresponding to
the ~26nt sequences will be considered to be possible cleavage targets (Figure 2-4). The pseudocode for the computational target identification is listed in Figure 2-5.

Figure 2-4 Model for empirical detection of cleaved small RNA target sites.
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Figure 2-5 Pseudocode for computational detection of cleaved targets of small RNAs

2.3 Results
Initially, four distinct libraries were sequenced from seedling and inflourescence tissues
from Arabidopsis using Roche/454 Life Sciences and Illumina/Solexa sequencing technologies.
Over 14,292,980 reads corresponding to 2,025,860 unique sequences from the combined four
libraries matched the Arabidopsis genome. Although a sequence length of about 20nt is enough to
unambiguously identify the locus of origin of most sequences, some of the sequences perfectly
matched multiple distinct regions. The read abundance for any sequence matching more than one
unique locus is repeat-normalized. Repeat-normalization refers to dividing the abundance of a
sequence by the total number of distinct locations it maps to. I expunged a total of 15,651 unique
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sequences (a total of 3,010,515 reads) matching structural RNA transcripts. Mapping the nonstructural RNA-derived sequences to the Arabidopsis transcriptome data, I obtained 835,902
unique 20-21nt-long sequences with perfect matches to the sense strand, and these sequences
correspond to a total number of 5,092,568 reads. Altogether, about 73% of Arabidopsis
transcripts had at least one unique sequence from the libraries perfectly matching its sense strand.
Table 2-1 shows a detailed distribution of sequencing statistics for the four libraries.

Table 2-1 Degradome sequencing results.

To determine the regions along the transcript where the degradome sequences were derived, I
divided each transcript locus into 100 bins of equal length — the last bin being an exception.
Figure 2-6 shows the frequency distribution of the mapping of the 5'-ends of the degradome
sequences. It is evident that in all four libraries, most of the sequences are derived from the 3'ends of their originating transcript and may reflect a cellular snapshot of mRNA transcripts
undergoing 5'-3' degradation.
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Figure 2-6 Distribution of degradome sequencing tags along transcripts. Histogram displaying the
5′ positions of degradome tags from the indicated libraries relative to normalized transcript
position. Tags were counted in 1% bins. For clarity, one tag that was extremely abundant in
libraries three and four was omitted.

The AtGenExpress database [175] is a repository of microarray transcriptome expression data
designed for functional genomics studies of Arabidopsis. To determine if the degradome
sequencing reads reflects the known expression level of genes, I compared the total abundance of
each gene to the known expression value in the corresponding tissues derived from microarray
analysis. The total repeat-normalized abundance of each gene is derived by the sum of all repeatnormalized reads of all degradome sequences mapping to the transcript. The correlation analysis
(Figure 2-7 A-C) shows significant evidence of degradome sequencing reflecting level of
transcript abundance.
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Figure 2-7 Correlation of degradome sequencing and microarray-derived transcript abundance.
(A–C) Relationships between microarray-derived estimates of transcript abundance (y axis) and
degradome tag abundance (x axis) for the indicated libraries. Robust multichip average (RMA)normalized array values were from (Schmid et al. 2005) [175] and were matched according to the
tissue source (inflorescence, ATGE_29 [A and B]; seedlings, ATGE_96 [C]). Transcripts with
degradome tag abundances equal to or less than one were omitted. Lines represent best-fit linear
regressions; r2 values represent correlation coefficients.

Detecting microRNA targets
Each degradome sequence perfectly matching a transcript is extended 15nts upstream of
the match site to form a ~35nt-long "query" sequence. After aligning all the query sequences with
confirmed miRNA sequences of Arabidopsis, I initially retained only query sequences with
complementarity score of less than or equal to 7. Results from experimental evidence suggest that
the diagnostic sequence at the site of miRNA-mediated cleavage usually has the most abundant
number of reads when compared to the rest of the sequences matching the same transcript
sequence [128]. Hence in my analysis I divided the candidate cleavage into three categories
(Figure 2-8). Category 1 refers to candidate cleavage sites where the read abundance at the
cleavage site is the most abundant (i.e. formed major peaks). Category 2 cleavage sites refer to
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transcripts where the abundance at the cleavage site is one of the topmost abundant, but not a
category one site (i.e. formed intermediate peaks). The rest of the candidate sites I designated as
category 3 sites (i.e. formed minor peaks).

To determine the likelihood of a retained query sequence being a cleavage site by chance
I performed signal-to-noise analysis using shuffled miRNA sequences having conserved tri- and
di- nucleotide sequence composition [57]. I generated 30 random shuffles of each miRNA
sequence and computed the complementarity scores for each query sequence and fake miRNA
pairing. Noise-to-signal analysis of the randomization results showed that scores of 4.5, 4.0 and
3.0 were statistically significant for categories 1, 2 and 3 cleavage sites, respectively (Figure 2-9).

Figure 2-8 Categories of cleaved targets. (A) Density of 5′ position of degradome tags
corresponding to ARF17, a category I target. Tags aligned with the ninth through eleventh
nucleotides of a miR160 complementary site were combined and shown in red. (B) As in (A) for
SPL6, a category II target of miR156. (C) As in (A) for MYB13, a category III target of miR858
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Figure 2-9 Signal to noise analysis for detected miRNA targets. Histogram displaying mean ratio
of targets found with 30 cohorts of randomly permuted miRNAs to the number found with the
annotated mature miRNA query data set at different alignment scores. Error bars represent one
standard deviation. Alignment score thresholds are indicated for category I, II, and III targets.

Using these robust cut-offs I was able to detect many already known miRNA targets as well
confirm several previously predicted targets and yet still detect novel target genes. In all I
confidently detected 70 distinct miRNA target genes corresponding to 27 miRNA gene families.

Studies show that positional variants of confidently annotated, mature miRNAs are also
produced from miRNA hairpins [15,110,164,186]. To evaluate the biological significance of
these sequences with respect to ability to direct AGO-mediated cleavage I broadened the miRNA
dataset to include all 20-22nt long small RNAs derived from experimental data. Using a more
conservative cut-off criteria (3.0 for category I and 2.0 for category II and III), derived from
randomization and noise-to-signal analyses (Figure 2-10) I further detected 8 unique target sites
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corresponding to 7 distinct genes. These later detections include pentatricopeptide repeat (PPR)
gene family members and the DC1 domain-containing gene which had been previously predicted
to be targets of miR161 and miR822 respectively. Overall, I detected 77 target genes of miRNAs57 previously confirmed, 14 previously predicted and 6 novel target genes. Table 2-2 summarizes
the cleaved target gene findings.

Figure 2-10 Signal-to-noise analysis for detected targets of miRNA positional variants. Histogram
displaying mean ratio of targets found with 9 cohorts of randomly permuted miRNA positional
variants to the number found with the annotated positional variants of mature miRNA query data
set at different alignment scores. Error bars represent one standard deviation. Alignment score
thresholds are indicated for category I, II, and III targets.
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Table 2-2 Cleaved Arabidopsis miRNA target sites

I define miRNA-target gene pairing to be conserved if the experimentally confirmed target gene
is confirmed (or predicted) to be targeted by the same miRNA in at least one other plant genome;
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conserved target genes of ancient miRNAs tend to be highly expressed. Indeed, most of the
cleaved genes I detected were targets of members of conserved miRNA gene families (18 out of
29 miRNA families) [14]. A significant number of the newly confirmed target genes had close
relatives that were already know targets of the regulating miRNA. For example it has been
confirmed that miR156 targets the Squamosa promoter binding-like (SPL) gene family members
SPL2, -3, -4 and -10. With our method, I was able to detect SPL5, -6, -9, -13, -15 as additional
targets of miR156. Similarly, I confirmed members of the MYB transcription factor family
members MYB13, -20, -111 as targets of miR858.

Detecting tasiRNA targets
Secondary siRNAs can be produced by the action of RDRs on RNA substrates (such as
TAS genes and viral RNA sequences) and also by bi-directional transcription of DNA templates
(such as plant DNA viral sequences) [142]. Known RDR substrates in Arabidopsis include the
cleaved targets of miR168, -173, -390, -393, -828 and a subset of PPR genes [15,86,130,164].
Some secondary siRNAs are known to direct Argonaute-mediated cleavage of target genes in
trans [192]. A set of 20-22nt long secondary siRNAs having evidence of expression activity
[99,164] was curated and used to interrogate the degradome sequences to detect targets of
secondary siRNA-directed cleavage. Processing nine randomly shuffled cohorts of the curated
secondary siRNAs, I defined thresholds from noise to signal analysis to define statistically
significant targets (Figure 2-9). Altogether, I was able to detect 38 cleavage sites corresponding to
24 distinct target genes. Table 2-3 shows detailed statistics on the targets of secondary siRNAs.
The secondary siRNA targets included eleven of the fourteen targets that had been previously
confirmed in experimental studies.
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Altogether I was able detect 121 unique cleaved target sites corresponding to 99 unique target
genes of miRNAs, tasiRNAs and PPR genes (Figure 2-11). A full description of the target genes
and their cleavage site characteristics are showed in Appendix A.

Figure 2-11 Summary of 121 small RNA target sites found with degradome analyses.

Table 2-3 Cleaved Arabidopsis tasiRNA target sites
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Analysis of degradome sequencing results
I ranked the abundance of degradome tags corresponding to all cleaved target genes.
Surprisingly, I discovered that TAS genes were among the most abundant (Figure 2-12). The
production of secondary siRNAs from TAS gene transcripts depend on both miRNA and siRNA
biogenesis pathways. It is possible that TAS genes are highly expressed and the high
accumulation of the cleaved TAS gene product reflects this characteristic. An alternative
explanation could be that the high accumulation of the TAS gene cleaved products reflects an
essential characteristic for the stabilization of the RDR substrate needed for deriving mature,
phased secondary siRNAs [15]. Under such a scenario, the high accumulation levels facilitate the
recruitment of required components of the siRNA pathway.

Figure 2-12 High Accumulation Levels of TAS Cleavage Products. Histogram displays abundance
of degradome tags corresponding to miRNA-mediated cleavage sites; red indicates TAS genes, as
labeled.
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Studies show that targets of miRNAs do accumulate in miRNA mutants with defective
miRNA biogenesis pathway genes, but these target sequences are not detected in high levels of
accumulation in siRNA biogenesis defective pathway mutants [4]. I obtained transcriptome-wide
microarray expression data for defective Arabidopsis miRNA (dcl1-7, hen1-1,hst-15 and hyl1-2)
and siRNA (dcl2-1,dcl3-1,rdr2-1 and rdr6-15) biogenesis pathways mutants. My analysis show
that the cleaved miRNA targets I detected from processing degradome sequencing data were
upregulated in all three categories of cleaved target site classes (Figure 2-12). Similarly, the
cleaved targets of tasiRNAs detected from degradome sequencing also accumulated in both
miRNA and rdr6-15 mutants (Figure 2-13). This set of analysis provided an independent
confirmation of the degradome sequencing method of cleaved small silencing RNA target
detection.

In a previous study, seven MYB transcription factor genes were predicted as targets of
miR159 [154]. However only two (MYB33 and MYB65) were found to cause the phenotypes
associated with mir159ab loss of function double mutant [5]. The degradome sequencing analysis
also detected only MYB33 and MYB65 as cleaved targets of miR159. A list of all detected target
genes and their cleavage site characteristics can be found in Appendix A.

Finally, not all cleaved targets that did not satisfy my conservative cut-off threshold from
signal-to-noise analysis were necessarily false positives. We employed gene-specific 5’ RACE
method to confirm two of the three potential false negatives (Figure 2-14).
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Figure 2-13 Independent confirmation of cleavage targets using mutant libraries. Accumulation of
confirmed miRNA and ta-siRNA targets, separated by category or by previous experimental
knowledge, in various miRNA (dcl1-7, hen1-1, hst-15, hyl1-2) and siRNA (dcl2-1, dcl3-1, rdr11, rdr2-1, rdr6-15) mutants (microarray data from [4]).
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Figure 2-14 Independent confirmation of cleavage targets using 5’ RACE method. Density of 5′
position of degradome tags corresponding to the NAC2 transcript. Tags aligned with the ninth
through eleventh nucleotides of a miR164 complementary site were combined and shown in red.
Bottom: Density of clones obtained via gene-specific 5′-RACE. Blue arrow indicates position of
gene-specific oligo sequences. (B) As in (A) for At1g10120 and miR396.

2.4 Discussion
The predominant method for identifying targets of small silencing RNAs in plants mainly
involved computational prediction of target loci [4,95,167,198]. Genome-wide target prediction
requires searching all sequences in the transcriptome of a plant to find transcripts with few
mismatches to mature small RNA sequences. The results of target prediction may contain
spurious target genes and so target conservation was used in some methods to reduce the number
of false predictions. The conservation filter if used may also eliminate genuine specie-specific
targets. Time-consuming, experimental confirmation of each candidate target gene is necessary to
distinguish specious targets from real targets.
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Argonaute-catalyzed cleavage of targets of small silencing RNAs results in a
characteristic 3’ stable sequence fragments having a 5’ monophosphate [128]. Hence the 5’ end
of the stable 3’ fragments contains evidence that may be useful in identifying the original cleaved
target transcript. The end product of the degradome sequencing method includes the 5’ end
sequences of cleaved target transcripts. Using the empirical evidence from the stable 3’ fragments
derived from degradome sequencing, one can discover in parallel most of the AGO-catalyzed
cleaved targets of small silencing RNAs in plants.

Analyzing degradome sequencing data derived from Arabidopsis, I was able to
confidently identify cleaved targets of miRNAs and phased siRNAs, without having to
experimentally validate the detected target genes. The transcriptome-wide identified target genes
of Arabidopsis miRNAs include 57 previous confirmed, 14 previously predicted and 6 previously
unknown target transcripts. The number of identified target genes of tasiRNAs and other phased
siRNAs were 24 in total.

To ascertain the possibility of obtaining these target genes by chance, the computational
approach I implemented incorporates a signal-to-noise analysis module. This module generates
several cohorts of shuffled mature small RNA sequences that have similar di-nucleotide and trinucleotide composition as the real small RNA sequences. Using the shuffled small RNA
sequences to detect cleavage sites using the degradome data, I was able to define the cut-offs to
designate confidently detected targets.

Almost the entire set of the confidently detected targets of miRNAs and secondary
siRNAs were up-regulated in their respective miRNA and tasiRNA defective biogenesis mutant
datasets (Allen et al. 2005) [4] while there was no significant change in abundance in the
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corresponding siRNA biogenesis mutant data. This result is an independent validation of the
degradome sequencing approach.

Comparing degradome sequencing data to microarray expression data for actively
expressed genes in seedling and inflorescence tissues clearly showed a positive correlation
between gene expression level and degradome sequence abundance. This shows that the
degradome sequencing data can be used as a measure of gene expression. Consequently,
transcriptome-wide ranking of genes by total degradome sequence abundance showed that the
TAS gene transcripts were among the most highly expressed in Arabidopsis.

Targets of miRNAs in Arabidopsis include several members of gene families. Several of
the previously predicted targets which were detected by the degradome sequencing data analysis
were members of gene families having previously known miRNA targets. On the other hand,
evidence from the analysis of the Arabidopsis degradome sequences also showed only two
members of the MYB transcription factor gene family were cleaved targets of miR159. Hence this
method may be used to delineate the subset of gene families that are cleaved targets of small
RNAs.

Of the 103 confirmed targets of miRNAs in Arabidopsis, 57 were detected in the analysis
of the degradome sequencing data. The absence of the remainder may be attributed to several
reasons. For example, the degradome data was derived from only leaf and inflorescence tissue
types and hence only miRNAs actively expressed in these tissues were detected. Also the signalto-noise analysis was very conservative and as a consequence some real targets may have been
omitted.
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Recent evidence in Arabidopsis shows a broader degree of post-transcriptional regulation
through translational repression than previously known [30]. Hence this method is limited to the
discovery of only cleaved targets showing evidence of AGO-catalyzed cleavage in plants and
hence cannot be applied to detect most small RNA targets in animals as well as other targets
regulated through translational repression in any organism.

2.5 Conclusion
I have shown that using the degradome sequencing method to derive diagnostic 3’
products of cleaved target genes of miRNAs (and other small silencing RNAs) is a potent tool for
the transcriptome-wide detection of cleaved targets. Using this method I have been able to
detected previously known targets, confirm previously predicted targets, as well as detect novel
target transcripts. The method eliminates the need for laborious task of confirming predicted
targets since degradome sequencing data represents an empirical snapshot of cellular RNA
products. I also showed that the analysis of degradome data can also reveal other

interesting findings on cellular RNA processing. My results represent small RNA
silencing activity in the tissues under consideration and hence it is possible that a target
gene which is not found in the degradome sequence analysis may actually be a target in a
different tissue which was not used in the study.
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Chapter 3
Implementation of the CleaveLand Pipeline
3.1 Introduction
The degradome sequencing method also referred to as the parallel analysis of RNA ends
(PARE) or the genome-wide mapping of uncapped transcripts (GMUCT) has been shown to be
effective in capturing a transcriptome-wide snapshot of 5’-ends of uncapped and polyadenylated
mRNA transcripts [1,65,68]. Previous computational techniques implemented to predict targets of
miRNAs have various degrees of specificity and sensitivity and hence predicted sets need
experimental confirmation to eliminate false positives.

The computational processing of

degradome sequencing data described in the previous chapter has proven to be an effective
technique for transcriptome-wide detection of RNA targets showing characteristics of small
RNA-guided, AGO-catalyzed cleavage. Based on the proof of concept prototype developed for
the preliminary analysis I proposed and implemented a generalized computational pipeline,
CleaveLand [2], for processing degradome sequencing data to find cleaved targets of small
RNAs. I demonstrate the flexibility of and scalability of the pipeline by processing 5 separate
degradome sequencing libraries from three different plant genomes. The pipeline can be used to
detect cleaved targets of small RNAs showing evidence of AGO-catalyzed cleavage between the
tenth and eleventh nucleotide of complementarity. The software for the CleaveLand pipeline is
freely available at http://www.bio.psu.edu/people/faculty/Axtell/AxtellLab/Software.html.
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3.2 Pipeline Implementation
Input data. The core input of the CleaveLand pipeline are three FASTA-formatted files
containing degradome sequencing data, a reference mRNA database and a corresponding small
RNA dataset. The FASTA header of each sequence in the degradome sequence data file has a
special format which embeds the sequence abundance in the header. This special requirement is
explained in Appendix B. An optional fourth input is a set of well curated structural RNA
sequences for the reference genome. The output of the pipeline is a collection of detected cleaved
RNA targets and their alignment with their corresponding small RNAs. The pipeline itself is a
collection of several C programs implemented and tested on Linux and Mac OS operating
systems. Figure 3-1 (below) shows a schematic description of the CleaveLand pipeline.
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Figure 3-1 Schematic description of the CleaveLand pipeline

Preprocessing. The FASTA-formatted file containing the degradome sequences is
initially scanned to merge the abundances of any sequence with multiple listings in the file using
the uniq_seq program. The degradome dataset is then partitioned (using the cut10k_seq program)
into multiple FASTA-formatted files, each containing not more than a specified number of
FASTA sequences. By default the chunk size is set to 100,000. This ensures that the pipeline can
guarantee processing an infinite number of sequences by processing 100,000 at a time. I repeat
the same process for the mRNA FASTA-formatted file with the default number of sequences set
to 10,000. In the case of the mRNA dataset if the sequence name (listed in the FASTA header)
occurs multiple times I expunge the extra sequences to guarantee the uniqueness of the name of
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the target gene detected. This step is executed by the remove_dupl program. Some small RNA
families do contain paralogs with the exact same sequence. I remove all redundant small RNAs
using the

compact_paralogs program. I use the program name2fasta to convert the small

FASTA-formatted file into a collection of FASTA-formatted small RNA files each containing a
singleton FASTA sequence. For signal-to-noise analysis, I need to generate a number of random
permutations of each small RNA sequence. The number of random sequence is user specified,
with a minimum number permissible being 2; the default number is 10. Small RNA sequence
composition is not entirely random and hence any permuted sequence must have a similar di-and
tri-nucleotide composition [57]. Next I use the compseq program in the EMBOSS package [168]
and the compseq_parser to estimate the di- and tri-nucleotide composition of the small RNA
dataset. I generate thousands of candidate permuted sequences for each small RNA using the
durstenfeld_shuffle program. I check for preservation of the di- and tri- nucleotide composition
using the shuffle_miRNAs. All candidate permuted sequences are then aligned to the real small
RNA sequence using the needle global alignment program in the EMBOSS package. I ensure that
I retain only permuted sequences with less than 6 mismatches using the count_mismatches
program.

Removal of structural RNAs. If a FASTA-formatted file containing known or well
curated structural RNAs for the reference genome is specified, I subtract all degradome sequences
with exact matches to any structural RNA. I find degradome sequences with exact matches to
structural RNAs using the oligomap short reads mapping program [24]. I use the parse_oligomap
and remove_structRNAs programs to format and subtract all hits to the structural RNA file.

Degradome mapping to cDNAs. The remaining degradome sequences are library
normalized using the user specified total per million (TPM) value specified and involves
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processing with the total_abund program; the default TPM value is 10 million. I find all
degradome sequences with exact matches to the specified cDNA database using the oligomap and
parse_oligomap programs. The abundances of exact matching hits are repeat normalized using
the repeat_norm program. Using the extend_seq program, I extract 13 nucleotides upstream and
downstream of the match site to generate a 26nt query sequence for each exact hit. Since most
small RNAs are 20-24nt long, the 26nt query sequence should be sufficient to span any miRNA
complementarity sequence.

I expect the stable 3’ fragment of a cleaved small RNA target to accumulate within the
cell. Hence under ideal sequencing conditions, the match site of the degradome sequence with the
most abundance among all degradome sequences matching a mRNA transcript must coincide
with the cleavage site. Hence I provide the user with an option to specify processing for only the
most abundant (category I) degradome sequences. For example, if a degradome sequence library
derived by a deep sequencing technique contains 25 millions sequences and the reference
transcriptome contains 25,000 genes, I reduce computation by 99.9%. In cases where more than
one query sequence is the most abundant, I include all of the (candidate) most abundant
sequences. The degradome sequence data reduction for the ―fast‖ processing option is made
possible by using the max_extend_seq and filter_extend_seq programs. The bottleneck in the
pipeline computation is the compute intensive complementarity search which dominates pipeline
processing time. Computational time cost for complementarity and degradome sequence mapping
are linear with respect number of sequences (Figure 3-2 A-B). Hence in the example the 99.9%
saving in computation translates to 99.9% saving in time cost. The software benchmarking was
performed on a linux-based computer system with a 3.0GHz processor and 4.0GB RAM.
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Figure 3-2 Computational time cost for CleaveLand processing. (A) Linear time cost (in seconds)
for processing a single small RNA and two random cohorts using 0.5-4.0Million degradome
sequences. (B) Linear time cost (in seconds) for processing 10-100 small RNAs each with two
random cohorts and using 1Million degradome sequences.
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Search for sequence complementarity. For each small RNA and its random cohorts I
use the needle global alignment program to align to all degradome sequences. This is the most
compute intensive part of the pipeline. The alignments are scored using the complementarity
scoring system in [4]. All alignments where the 5’-end of the original degradome sequence
coincides with the 10th nucleotide of complementarity to the small RNA sequence and having
score lower than or equal to the user specified threshold score are initially retained; the default
threshold complementarity score is 7.0. It is possible to detect multiple cleavage sites with
different threshold scores and degradome abundance for a particular transcript. Hence I further
process the retained alignments using collapse_scores to preserve the best scoring small RNAdegradome sequence alignment pair or pairs for each transcript.

Signal-to-noise analysis. I group the target sites for each small RNA into three
categories as discussed in chapter 3 and perform separate signal-to-noise analysis for each
category of each small RNA. The signal to noise analysis (noise2signal) involves calculating the
mean and standard deviation for all cohort target sites counts and comparing with the
corresponding real small RNAs. The cut-off noise to signal ratio is 0.5 (Figure 3-3).
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Figure 3-3 Sample CleaveLand signal-to-noise output snippet. This is a signal-to-noise example
for category I target site for a single miRNA. The columns listed include complementarity score,
count of real miRNA target cleavage sites, mean and standard deviation of 10 shuffles of the
miRNA, and the noise-to-signal ratios. Cut-off is 7.0 since the maximum in the ―N/S Mean‖
column is less than the threshold of 0.5.

Report Files. The pipeline creates a results folder which contains separate folders all
small RNAs. Each small RNA folder contains a report file which contains results statistics such
as the three signal-to-noise tables (Figure 3-3) and alignments for each small RNA-degradome
sequence pair, complementarity scores, target transcript name, cleavage site on transcript and the
distribution of degradome sequences and their abundances along the transcript (Figure 3-4). Key
programs in the reporting system include cat_info and parse_cleave. For plotting purposes there
is a command line option for generating degradome sequence abundances along a transcript; one
plot file per transcript. There is also an option for generating a complete mapping of all
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degradome sequences to transcripts; mapping information include location of 5’-ends, and repeat
normalized abundance. Besides the estimated cut-offs derived from signal-to-noise analysis, the
extra detailed information in the output can be interrogated by the user for purposely
circumventing specificity or sensitivity constraints. I successfully used the CleaveLand pipeline
to detect cleaved miRNA targets in five degradome sequencing libraries derived from three land
plants (Figure 3-5).

Figure 3-4 Sample CleaveLand pipeline output.
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Figure 3-5 Detected cleaved target sites in three plants using the CleaveLand pipeline. The five
libraries include Libraries I-III (from Arabidopsis), IV (from P. patens) and V (from O. sativa, Li
et al., unpublished data).

Web Interface for the CleaveLand pipeline. A web interface (Figure 3-6) written in
XML was implemented to access the Cleaveland pipeline over the Galaxy web service [66]. To
run on Galaxy, one starts by uploading all the input FASTA-formatted sequences using the ―Get
Data‖ program on the tool menu on the left of the interface. All uploaded files appear listed in the
―History‖ column on the right hand column. Next, select the ―CleaveLand‖ program from the tool
menu to load the web interface to the pipeline. The simple interface consists of a set of dialog
boxes and pull-down menus for selecting all appropriate options, parameters and data sets.
Clicking the ―Execute‖ button starts the pipeline processing. There is no noticeable difference in
execution time between the web-based approach and the command line version. A guide to using
the command line version of the CleaveLand can be found in Appendix B.
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Figure 3-6 The web-based interface for the CleaveLand pipeline.
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3.3 Discussion
The CleaveLand pipeline was implemented to detect AGO-catalyzed cleaved targets of
small silencing RNAs [2]. The pipeline was able to detect cleaved target transcripts from the
genomes of the weed Arabidopsis, the moss Physcomitrella and the grain Oryza. The pipeline
processing of the degradome sequences was showed to be scalable with respect to the number of
small RNAs and the number of degradome sequences. The wide range of available command line
parameter options makes the pipeline very flexible. Although we have so far processed
degradome sequences derived from plant genomes, the pipeline is applicable to any organism
where the target cleavage site occurs between the 10th and 11th nucleotide of complementarity to
the small RNA. With little modification the pipeline can be made to process degradome
sequences where the cleavage site location may be different. I plan to add an option for
specifying a particular cleavage site location that may be different from the default 10 th nucleotide
position. The pipeline processing includes signal-to-noise analysis to assign statistical
significance to each detected cleavage site. To meet specificity requirement, the report file
generated from the degradome processing also include data for results for cleavage sites that do
not meet the threshold for statistical significance. The main bottleneck stages in the pipeline
processing are the mapping of the degradome sequences to all the genome and transcriptome
sequences and also the global alignment of small RNAs to all degradome sequences. Improving
the performance (execution time and memory utilization) or replacing the needle and oligomap
programs with more efficient programs would impact the pipeline processing. The signal-to-noise
analysis may possibly lead to the omission of some genuine targets which did not meet the
selected threshold. In such cases, the investigator can still carry out experimental confirmation
using the 5’ RACE method. Another limitation of the package is the display of a single cleavage
site for each target transcript. If multiple target sites are detected and say one site has a higher
degree of sequence complementarity but the cleaved sequence abundance at the site is lower
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when compared to another site where the cleaved sequence abundance is higher but the sequence
complementarity is lower, one of these alternatives is omitted.

3.4 Conclusion
Degradome sequencing is a very potent method for detecting cleaved targets of small
RNAs. I implemented a generalized and scalable computational pipeline for processing
degradome sequencing data. The processing time is linear to the number of small RNA sequences
and to the number of degradome sequences. With little effort the highly flexible pipeline can be
modified to use any short reads mapping software or any other sequence similarity search
programs. The pipeline also generates a vast amount of output information for any investigator to
circumvent sensitivity and specificity constraints. I have successfully applied the pipeline to
process degradome data from seven different libraries derived from three land plant species to
globally detect cleaved targets of small RNAs. The pipeline processing is not limited to searching
targets of miRNAs in land plants. I was able to detect targets of tasiRNAs and other secondary
siRNAs and it can be used to possibly detect small RNA targets in any organism showing
characteristic evidence of cleavage between the 10th and 11th nucleotide of complementarity to
sequenced small RNAs.
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Chapter 4
Analysis of the Physcomitrella Degradome
4.1 Introduction
The moss Physcomitrella patens is a non-flowering, non-seed bearing ancestor to most of
the modern flowering land plants and hence a model organism for studying the evolution and
diversity of land plants [166]. Physcomitrella is a haploid organism which has been extensively
used in forward and reverse genetic studies and homologous recombination experiments and
hence it is also an important model organism for studying gene function [39,40,174]. Due to the
importance of Physcomitrella several studies had focused on the identification of MIRNA genes
and their cleaved targets by using target prediction methods [12,16,58,186]. In this study, I
analyzed degradome sequences derived from Physcomitrella to empirically identify cleaved
targets of miRNAs in Physcomitrella.

In plants, Dicer is required for the excision of the precursor sequence from the primary
MIRNA sequence during the biogenesis of the mature miRNA [132,221]. Cleaved fragments of
primary MIRNA sequences produced during Dicer processing has been detected in gene-specific
RLM-5’ RACE analysis [16,164]. Recent studies using Arabidopsis degradome sequences also
show evidence of 5’ fragments of primary MIRNA sequences derived from AGO-mediated
cleavage of the primary MIRNA transcripts which are directed by their corresponding mature
miRNAs [65]. In this study, I also analyze the pattern of degradome sequences mapping to
Physcomitrella MIRNA hairpin sequences for evidence of both Dicer- and Argonaute-catalyzed
cleavage.
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4.2 Methodology
4.2.1 Experimental method
Total RNA was obtained from ten day old Physcomitrella protonemata using the method
described in Cho et al. (2008) [38]. The extracted total RNA was used in deriving Physcomitrella
degradome sequences using the degradome sequencing technique as described previously. Deep
sequencing of the Physcomitrella library was performed by using the Applied Biosystems
SOLiDTM 2 system.

4.2.2 Processing of the SOLiD sequencing data for Physcomitrella
Unlike other sequencing methods, the output of the Applied Biosystem SOLiD
sequencing is not the text-based format associated with the traditional DNA sequencing data, but
is rather encoded in ―colorspace‖ alphabets. The two-base encoding scheme of the SOLiD
sequencing method is such that a single ―colorspace‖ alphabet encodes two adjacent DNA bases.
The ―colorspace‖ alphabets obtained from the Physcomitrella degradome sequencing had to be
converted to DNA sequence data. The converted raw SOLiD ―colorspace‖ reads had length
ranging from 25 to 29nt and most of the sequences were 27nt long; EcoP15I which replaced
MmeI as the restriction enzyme (in the current degradome sequencing protocol) cuts 27nt beyond
the six nucleotide restriction site. Usually, a sequence length of about 20nt is sufficient to
unambiguously map most sequences to any genome or transcriptome, and hence I trimmed the
27nt degradome sequences to the leftmost (5’ end) 24nt bases for subsequent efficient mapping. I
mapped sequences from the Physcomitrella degradome library to the Physcomitrella genome
assembly (version 1.1) using oligomap short reads aligner [24] and the abundance of any
sequence with more than one match to the genome was repeat normalized.
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4.2.3. Detection of cleaved Physcomitrella miRNA targets
Several computational methods as well as manual curation had been used to annotate
sequences in the Physcomitrella transcriptome and all the combined datasets consist of 228,057
transcript sequences. A filtered transcriptome dataset consisting of 35,938 sequences has been
used in previous Physcomitrella studies [166] and our experience shows that there are several
bona fide transcripts had been omitted from the filtered dataset. Although the significantly larger
unfiltered dataset contains highly redundant data and required a more sophisticated computational
analysis and processing, I used this dataset in this study to ensure that no real miRNA targets
were omitted. A gene in the unfiltered transcript dataset may have several annotations with
different gene names and the gene may also have high sequence similarity to any other gene
family members. Hence the cleaved targets detected in the unfiltered dataset required further
sequence analysis to obtain a non-redundant list of target genes. I performed a ―blast all against
all‖ comparison using BLAST [6] to cluster the genes into non-redundant groupings. I also used
Physcomitrella miRNAs and hairpin sequences retrieved from miRBase (version 13.0) [70] for
this analysis. The CleaveLand pipeline [2] was used to detect cleaved mRNA targets in
Physcomitrella using the above described input datasets. For each miRNA sequence, ten
randomized miRNA sequences with similar di- and tri-nucleotide composition were generated
and processed by the pipeline for signal-to-noise analysis. I used a complementarity score
threshold of 7.0 for miRNA:target alignment and did not specify any structural RNA sequence
database file as input.
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4.2.4 Analysis of cleaved Physcomitrella MIRNA hairpins
A total of 230 Physcomitrella MIRNA hairpin sequences were retrieved from miRBase
(version 13.0) [70] and filtered to retain hairpins which were determined to be expressed in the
tissues used in this study. To perform the filtering, the expression data for 367,957 small RNAs
derived from wild-type ten day old protonemata was obtained from the sequencing results of a
recent study (Cho et al., 2008) [38]. A MIRNA hairpin is retained if there was evidence of high
expression of the corresponding mature miRNA sequence in the expression dataset.

For each MIRNA hairpin retained, I estimated the positions of the upper and lower cut
sites of Dicer processing, using the predicted secondary structure [207,227] and the location of
the mature miRNA along the hairpin structure. All of the degradome sequences were mapped to
the MIRNA hairpin sequences using the oligomap program [24].

4.3 Results
4.3.1 Physcomitrella degradome mapping
The mapping of the sequences from the Physcomitrella degradome library to the
Physcomitrella genome assembly (version 1.1) using oligomap [24] yielded over 14,196,093
perfect matches (Figure 4-1). A total of 11,508,954 of the sequences matched the sense strand of
the transcriptome at least once while 287,318 sequences matching the transcriptome had no hits
to the genome data. Sequences matching only the transcriptome but missing genomic hits may
originate from intronic regions. A further 2,974,457 sequences also matched the genome but did
not match the sense strand of the transcriptome (Figure 4-1). The total number of unique
sequences was 2,697,912 and all sequences with more than one match to the genome were repeat
normalized.
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Figure 4-1 Mapping of the Physcomitrella degradome. Proportional Venn diagram showing
number of processed degradome tags mapping to the genome and/or the sense strand of the
transcriptome.

4.3.2 Detection of Physcomitrella cleaved targets
Using the CleaveLand pipeline I identified targets corresponding to the three target
transcript categories (Figure 4-2). The complementarity score thresholds I selected for categories
I, II and III were 4.5, 3.5 and 2.5 respectively. If the analysis of the randomized miRNA
sequences detected a target having a complementarity score at or below the category threshold the
category threshold is reduced by 0.5. Applying this level of stringency to the complementarity
threshold score ensured that we obtained a more conservative list of miRNA targets and
decreasing the likelihood of possible false positive targets. In all I confidently detected 321
redundant target transcripts corresponding to 52 unique cleaved targets of 27 miRNA gene
families (Table 4-1). Over 70% of the distinct targets were category I targets and these
correspond to 37 genes. The number of category II and category III targets detected were 5 and
10 respectively.
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A total of 34 cleaved targets of miRNAs were confirmed by gene-specific 5’-RACE
experiments in previous target prediction studies in Physcomitrella [12,16,58,186]. I found 15
previously confirmed, 12 previously predicted and seven novel cleaved target transcripts. I also
identified four other previous confirmed and 15 other previously predicted target transcripts
which exceeded my strict cut-off thresholds and hence removed from my target list. A total of 14
detected targets were regulated by conserved miRNAs and they mostly corroborate the known
characteristic of conservation of miRNA:target pairings reported for ancient miRNAs in plants
[14,16].

In Physcomitrella, miRNA gene families with gene annotation number higher than or
equal to 534 (e.g. ppt-miR534) are Physcomitrella-specific; the analysis yielded 20 speciespecific cleaved targets. The specie-specific target list consisted of genes of diverse functions as
predicted by protein similarity searches.

One group of six specie-specific targets were

transcription factors and included MADS-box factor (ppt-miR538), bHLH factor (ppt-miR9025p), STOP1-like factor (ppt-miR1023-5p), DRE-binding factor (ppt-miR1029), WLIM1-like
factor (ppt-miR-1043-3p) and WIP4-like zinc finger factor (ppt-miR1065). Other target genes of
predicted functionality include protein kinases (ppt-miR898 and ppt-miR1078), Cu/Zn oxidases
(ppt-miR1073-5p), membrane transport (ppt-miR1039-5p) and ion transport (ppt-miR1211). The
respective targets (namely, BOP2-like gene and GIL1-like gene) of two Physcomitrella-specific
miRNAs (ppt-miR534 and ppt-miR1216) were predicted to function in developmental regulation.
Another interesting finding was the target of ppt-miR1038-5p, which was predicted to be a
histone deacetylase and hence likely to be involved in gene regulation.
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Figure 4-2 Two examples of confidently identified sliced miRNA targets. (A, B) The frequencies
of degradome tags with 5’ ends at the indicated positions are shown in black, with the frequency
at position ten of the inset miRNA-target alignment highlighted in red.
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Table 4-1 Summary of confidently detected cleaved targets of miRNAs in Physcomitrella
miRNA
family
miR156

Description of proteins encoded by target transcripts (number of targets)

miR160

Auxin response factor (1)

miR171

GRAS-domain transcription factors (2)

miR390

Unknown (1)

miR408

Plastocyanin-like (1), copper-oxidase domain containing (1)

miR477

Heat-shock protein related (2), MRP-domain ribosomal protein L29-like (1), Zincfinger CCT-domain proteins (2)

miR529

AP2-domain transcription factor (1)

miR534

Blade on Petiole 2-like BTB and ankyrin-domain proteins (2)

miR536

Unknown (1)

miR538

MADS-box, K-box containing transcription factors (3)

miR898

Protein kinase (1)

miR902-5p

Transcription factor-like (4), unknown (1)

miR1023-5p

Similar to STOP1 (sensitive to proton rhizotoxicity 1) transcription factors (2)

miR1027

Unknown (1)

miR1028-3p

Similar to protein arginine N-methyltransferase (1)

miR1028-5p

Unknown (1)

miR1029

Similar to DRE-binding transcription factor (1)

miR1038-5p

Histone deacetylase 2-like (2)

miR1039-5p

Similar to vesicle-associated membrane family proteins (1)

miR1043-3p

Similar to WLIM1 transcription factor (1), alcohol dehydrogenase-like (1)

miR1049

PPR-repeat protein (1), unknown (1)

miR1065

Zinc-finger domain protein similar to WIP4 transcription factor (1)

miR1073-5p

Cu/Zn superoxide dismutase-like (2), Cu oxidase domain-containing (2), glyoxal
oxidase-like (1)

miR1078

Ankyrin domain-containing protein kinase (1)

miR1211

Molybdate transporter 1-like (1)

miR1216

Similar to gravitropic in the light (GIL1) (1), unknown (2)

miR1222

Unknown (1)

SBP-box transcription factors (3)
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4.3.3 Analysis of Physcomitrella MIRNA hairpin degradome sequences
Recent studies in Arabidopsis show that the cleavage of product of Dicer processing of
primary MIRNA hairpins can be detected by gene-specific 5’-RACE experiments [16,164]; the 3’
fragment of the cleavage product has a 5’-monosphate and a poly-A tail. Analysis of Arabidopsis
degradome sequences also show evidence of AGO-mediated cleavage of some primary MIRNA
transcripts which were directed by their respective mature miRNAs [65]. Using the expression
level of the Physcomitrella mature miRNAs obtained from Cho et al. (2008) [38] as a determinant
of active expression of the corresponding primary MIRNAs, 117 out of the 230 primary MIRNA
sequences were removed. A total of 103 out of the 123 remaining primary MIRNA sequences had
at least one perfectly matching degradome sequence. The nature of miRNA biogenesis suggests
that degradome sequences derived from Dicer processing of MIRNAs should map to the top and
bottom cut sites of the 3’ arm of the MIRNA hairpin (Figure 4-3A – hollow red and blue
triangles). Also I expect the degradome sequences derived from the 3’ fragment of the primary
MIRNAs resulting from AGO-mediated cleavage to map to the between the top and bottom cut
sites (on the arm associated with the miRNA*) and at the tenth nucleotide of complementarity to
the mature miRNA (Figure 4-3A –gray and white triangles) [128]. Using the predicted secondary
structures of the 103 MIRNAs, I estimated the positions of the Dicer and Argonaute cut sites. Next
I computed the abundance of degradome sequences at the cut sites and assigned one of three
categories to the target cut sites based on abundance signature; category I, II and III definitions
are the same as the definitions applied previously to mRNA transcripts. About 67% (69/103) of
the MIRNAs had degradome sequences mapping to the lower (bottom) cut site of the 3’ arm and
46 out of the 69 were category I transcripts (Figure 4-3B – hollow blue triangle). These
degradome sequences represent the end product of Dicer processing of MIRNA, regardless of
whether the lower or upper cut is the initial cut site.
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Oddly, I found 37 of the 103 MIRNA hairpins had degradome sequence abundance peaks
at the upper cut site of 3’ arm of the MIRNA hairpin (Figure 4-3B –hollow red triangle). One
explanation may be that excision of the hairpin occurred at the upper cut site first. Another
possibility is the effect of degradome contamination with mature miRNAs; this scenario is
possible when a highly expressed mature miRNA is derived from the 3’ arm of the MIRNA
hairpin. To investigate this second possibility I scored the degradome sequence abundance at the
5’ arms of the of the lower cut sites of each MIRNA hairpin (Figure 4-3A –filled blue triangle).
This is because any degradome sequence accumulation in this region cannot be attributed to Dicer
processing and so one can use degradome abundance at this site as an approximate estimator of
the extent of contamination by mature miRNAs. Comparison of the degradome signals from 5’
arm lower cut sites and 3’ arm upper cut sites showed no significant difference (Figure 4-3B) in
all but one MIRNA hairpin. Hence I conclude that the degradome sequence data does not clearly
support precise Dicer excision at the upper cut site before the lower cut site. The only exception
was the MIR319 hairpin.
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Figure 4-3 Degradome tags mapping to Physcomitrella MIRNA hairpins. (A) Schematic of a
typical MIRNA hairpin showing the position of the lower DCL processing site (blue arrowheads),
upper DCL processing site (red arrowheads), and the positions of potential AGO-directed
cleavage by the mature miRNA or miRNA* (gray and white arrowheads). Hollow arrowheads
represent expected positions of corresponding degradome tags. Degradome tags at the filled
arrowheads are not due to canonical DCL processing. (B) Frequency, position, and quality of
degradome tags mapping to Physcomitrella MIRNA hairpins. Category one indicates tags at that
position were the most abundant relative to other positions on the hairpin, category two indicates
tag abundances below the maximum but above the median, and category three indicates all
others.

miR319 is an ancient miRNA and the MIR319 family produces three distinct
miRNA/miRNA* duplex products from a single long hairpin. This feature of the MIR319 family
is evolutionarily conserved among several plants species [16,164,186] (Figure 4-4A). Of the three
adjacent miRNA/miRNA* duplexes, the mature miR319 is derived mainly from the lowest
duplex which happens to be the most conserved member of the MIR319 family [16,122]. To date
no targets of the mature miRNAs from the top and middle duplexes had been confirmed. As
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mentioned earlier, I observed that the Physcomitrella MIR319 hairpin had a strong degradome
signal. All four Dicer-catalyzed cut sites on the 3' arm of the MIR319 hairpin displayed strong
degradome signals (Figure 4-4B-C). The strong degradome signals detected for the two topmost
cut sites showed no significant correlation with the positions of the most highly expressed small
RNAs. Also the degradome signals found at the junction between the middle and lower
miRNA/miRNA* duplexes are most likely to be the consequence of mature miRNA
contamination. Gene-specific 5'-RACE experiments confirmed existence of the strong degradome
signals (Addo-Quaye et al., unpublished data). Most plant MIRNAs undergo loop-last processing
of their hairpins during the biogenesis of the mature miRNAs. The evidence we provide supports
the occurrence loop-first processing in Physcomitrella MIR319 hairpins as an exception to the
loop-last processing. Computational analysis of Arabidopsis degradome sequencing data (AddoQuaye et al., 2008; German et al., 2008) and gene-specific 5'RACE experiments also showed that
Arabidopsis MIR319a undergoes loop-first processing (Figure 4-4D). Hence I conclude that loopfirst processing of MIR319 is a conserved feature of miR319 biogenesis.

Artificial MIRNAs (aMIRNAs) have proven to be valuable tool for gene knockout
experiments [176]. Arabidopsis MIR319a sequence has been widely used in the design of
aMIRNAs. To design a aMIRNA for a specific gene, the miRNA/miRNA* duplex in Arabidopsis
MIR319a is replaced by a gene-specific duplex which satisfies the miRNA:target
complementarity rule. I found evidence of strong degradome signal in a aMIRNA that was
designed to over-express in seedling tissues (Figure 4-4E) and gene-specific 5'-RACE
experiments confirmed that loop-first processing applies to aMIRNAs (Addo-Quaye et al.,
unpublished data).
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Figure 4-4 Precise ―loop-first‖ processing of MIR319 hairpins in Physcomitrella and Arabidopsis.
(A) Schematic of a MIR319 hairpin precursor. The position of mature miR319 or Arabidopsis
MIR319a-based amiRNAs is indicated; the regions modified for construction of Arabidopsis
MIR319a-based amiRNAs is shown in black. Arrowheads are as described in Figure 2. (B)
Frequency of degradome tags (green-solid) and gene-specific RLM-5’-RACE products (purpledashed) mapping to the Physcomitrella MIR319b hairpin. For brevity, only the 3’ arm of the
hairpin is shown – degradome data on the 5’ arm was negligible and there were no gene-specific
RLM-5’-RACE products isolated from that region. See Supplemental Tables 4-5 for full details.
(C) As in B for Physcomitrella MIR319d. (D) As in B for Arabidopsis MIR319a in wild-type
inflorescences. (E) As in B for Arabidopsis MIR319a-based aMIRNA over-expressing plants.
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A recent study in Arabidopsis found evidence of some miRNAs directing the cleavage of
their primary MIRNA transcripts via AGO-catalyzed cleavage [65]. I found 19 out of the 103
MIRNA hairpins showing some form of degradome signal at the tenth nucleotide of
complementarity to their corresponding mature miRNA sequences. Of these only two were
category I cleavage sites and hence were more convincing (Figure 4-5).

Figure 4-5 Evidence of self cleavage in ppt-miR533a. The strong degradome signal (solid green
line) coincides with the predicted AGO-catalyzed cleavage site (dotted black line).
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4.4 Discussion
The degradome sequences sampled from Physcomitrella were analyzed using the
CleaveLand pipeline to detect cleaved mRNA targets of miRNAs. In order not to miss any valid
targets, 228,057 Physcomitrella transcripts obtained from various prediction algorithms and
manual annotations were used. A total of 321 cleavage sites corresponding to 52 distinct cleaved
targets of 27 Physcomitrella miRNA families were detected. The application of an extra stringent
requirement layer (see ―Detection of Physcomitrella cleaved targets‖ section above) to the
CleaveLand pipeline output impacted the number of targets detected and also increased the level
of confidence for our target list. A total of 37 transcripts (70%) of the cleaved target list were
category I transcripts; the estimated cleavage site of these transcripts had the maximum
degradome abundance when compared to degradome abundance at other sites along their
transcripts. In earlier Physcomitrella studies using a filtered transcriptome dataset containing
about 35,938 transcripts a combined total of 34 cleaved targets were confirmed [12,16,58,186].
Of these previously confirmed targets, 15 were detected in the sampled degradome, while 12
other previously predicted but unconfirmed targets were also detected, and seven new targets
were discovered. Finding 15 out of 34 previously confirmed targets suggests that our degradome
sampling may be incomplete. Possible reasons for this may include the difference in the number
and types of tissue used, experimental errors and the confidence thresholds set as a result of the
signal-to-noise computations. Indeed, four other previously confirmed and 14 other previously
predicted were detected candidates in the initial analysis, but these failed the signal-to-noise
threshold and had to be discarded. Both conserved and specie-specific mRNA targets were
detected in the sampling of the Physcomitrella degradome. Most of the conserved targets were
regulated by the same homologous miRNA gene families from previous studies in other plants. It
was interesting to discover that the 20 Physcomitrella-specific target genes included several
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transcription factors and genes involved in developmental regulation and other regulatory roles.
Unlike the previous degradome sequencing study of Arabidopsis (Addo-Quaye et al., 2008) [1],
the Physcomitrella study excluded the detection of targets of secondary siRNAs from known
Physcomitrella TAS genes and also no structural RNA sequences were used in the CleaveLand
pipeline input.

Previous studies showed that the liberation of the miRNA/miRNA* duplex found in the
hairpin structure of the precursor MIRNA starts with the excision of the stem of the hairpin from
the folded primary MIRNA transcript [46,116,156]. Analysis of degradome sequences mapping to
Physcomitrella primary MIRNA transcripts showed the MIR319 transcript –which is a staple for
the construction of artificial miRNAs –to be an exception. Distinctive loop-first processing
(instead of loop-last processing) of primary MIRNAs occurs for MIR319 transcripts and this
phenomenon was also found in the analysis of Arabidopsis degradome sequences. The analysis
also showed that conserved loop-first processing of MIR319 hairpins in Arabidopsis and
Physcomitrella also occurs during artificial MIRNA processing.

Evidence of mature miRNAs directing the cleavage of their primary MIRNA transcripts in
AGO-catalyzed cleavage has been reported in Arabidopsis [65]. The analysis of degradome
sequences also showed evidence of self-regulation in some miRNAs where the matured
sequences guide the cleavage of their respective primary transcripts.

4.5 Conclusion
Using degradome sequencing data derived from Physcomitrella, I was able to detect 52
distinct targets of 27 Physcomitrella miRNA gene families. The list of targets includes conserved
mRNA targets already established to be targeted by the same miRNA family in Arabidopsis,
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Oryza and other plants [13,14,95]. The target list also included 20 Physcomitrella-specific
miRNA target transcripts and includes transcription factors and genes involved in developmental
and gene regulation. Overall, I was able to detect several novel targets, confirm several
previously predicted targets and also detect some previously confirmed targets. Analysis of
degradome sequences mapping to MIRNA hairpin regions also led to the discovery of a novelty,
which involves loop-first processing of MIR319 hairpins in both Arabidopsis and Physcomitrella.
I also found evidence of some mature miRNAs regulating their own primary MIRNA sequences.
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Chapter 5
Comparative Genomics of Endogenous siRNA-Producing Loci in Land Plants
5.1 Introduction
In plants, the key genes required in the pathways of small silencing RNA biogenesis and
actions exist in multiple copies. For example, in Arabidopsis thaliana alone, there are ten AGO,
six RDR and four DCL protein family members. Some members of the protein families have
acquired novel biological functions while others have redundant roles and the rest have unknown
functions. Again in the Arabidopsis AGO protein family, AGO1 is involved in miRNA and
siRNA-directed cleavage activity, AGO4 is required in secondary siRNA regulation, AGO7 is
required in the maintenance of vegetative phase transition, AGO10 (the closest paralog of AGO1)
has been associated with regulation meristem development while the functions of the rest of the
family are yet to be determined [193]. In the absence of a sophisticated, adaptive immune system
like the interferons-based defense system found in vertebrates [93], some of the pathways
including endogenous siRNAs have evolved to include roles to counter the threat of invading
viruses and harmful nucleic acids.

In contrast to miRNAs, endogenous siRNAs in plants have not been vigorously studied
beyond the Arabidopsis genome. Until recently, the absence of RDRs has been used to dismiss
the possibility of endogenous siRNAs in vertebrates; although experimental evidence shows that
exogenously introduced siRNAs are silencing-competent. Although the presence of endogenous
siRNA-producing loci has been well documented, rigorous functional studies have been limited
to the Arabidopsis genome. Endogenous siRNAs in Arabidopsis are mostly 24nt long and are
derived from long, perfectly double-stranded RNA sequences derived by the activity of RDR2 on
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single stranded RNA substrate [193,210]. Studies in Arabidopsis, show that endogenous siRNAs
require DCL3, RDR2 and AGO4 to direct the repression of repetitive elements and transposons
and catalyze histone modification [32,226]. In plants there are endogenous siRNAs for defense
against invading viruses; Antiviral siRNAs are derived from viral DNA and RNA substrates
[142].

Recently there has been a phenomenal increase in the number of sequenced genomes and
small RNA sequencing data. The unicellular green alga Chlamydomonas reinhardtii (C.
reinhardtii) [140] belongs to the chlorophyte algae lineage and diverged from land plants about
one billion years ago and the genome size is about 120Mb [216]. The moss Physcomitrella patens
(P. patens) [166] is a bryophyte with genome size ~500Mb and evolved about 450 million years
ago. Hence from an evolutionary stand point, Physcomitrella is one of the earliest land plants and
is located midway between the primitive algae Chlamydomonas and modern land plants such as
Arabidopsis.

To get a deeper understanding of the biological relevance and evolution of structure and
function of endogenous siRNAs, I analyzed small RNA sequences from Arabidopsis thaliana
[99,164], the moss Physcomitrella patens (Physcomitrella) [16] and the unicellular green alga,
Chlamydomonas reinhardtii [144,225].

5.2 Methods
5.2.1 Finding siRNA-producing hotspots
Finding genomic loci with signatures of high levels of siRNA expression activity is
essential for this study. A single endogenous siRNA-producing locus tends to span thousands of
bases and produces numerous mature sequences from both sense and anti-sense strands with
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nearly equal expression abundance [35,80,179]. To detect siRNA-producing loci I implemented a
model described in [164] that approximately captures the mentioned characteristics of siRNAgenerating hotspots. I obtained recent small RNA expression data for Physcomitrella [16],
Arabidopsis [99,164] and Chlamydomonas [144,225]. For each genome’s expression data set I
subtracted all small RNAs mapping to hairpins of known miRNAs and tasiRNAs as found in the
miRBase (version 10.0) small RNA annotation database [70].

For each genome, I mapped all the un-annotated small RNAs to the corresponding
genome assembly using the NCBI blastall [6] program with the following parameter option
settings: -p blastn -e 0.1 -F F -W 6 -m 8 -v 100000 -a 2. All perfect matching small RNAs were
retained and any sequence matching more than one location in the genome (i.e. non-uniques) are
repeat-normalized. This result is used to define a mapping table containing the repeat-normalized
abundance and start (5’-end) and end (3’-end) co-ordinates of the matching location of each
perfect matching small RNA. Next, each chromosome or scaffold (if genome final assembly is
unavailable) is divided into consecutive non-overlapping, 500nt long bins. Each small RNA is
assigned to a bin using the start co-ordinate of the match site. For each bin I keep track of the
count and cumulative abundance of both sense and anti-sense small RNAs of various length
groups (i.e. less than 21, 21,22,23,24 and greater than 24nts). All bins with total small RNA
abundance greater than zero are retained for further clustering and sorted by cumulative
abundance. Starting with the topmost bins with most small RNA abundance, each bin is extended
by incorporating flanking bins and stops when zero-abundance flanking bin is encountered. The
extended bin of contiguous non-zero abundance bins defines a siRNA-producing cluster or locus.
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5.2.2 Annotation of repeats in siRNA-producing loci
The topmost siRNA-producing clusters were inspected for evidence of inverted repeats,
tandem repeats and interspersed repetitive elements. The einverted program in the EMBOSS
package [168] was used to find inverted repeat regions in the siRNA clusters. I specified the
maximum inverted repeat length to 5000. The CENSOR program [108] was used to identify
repetitive elements, by comparing curated planted repetitive elements from the Repbase
eukaryotic repetitive DNA database [96] with each siRNA cluster. The standalone version of
LTR_FINDER program [211] was used to detect full length long terminal repeats (LTRs); the
maximum LTR size set to 100000nt while detection of nested retrotransposon elements was
enabled. The tandem repeat finder program [23] was used to identify tandem repeats within all
siRNA clusters.

5.3 Results
5.3.1 Two distinct classes of siRNA-producing loci detected in Physcomitrella
Analysis of the 100 topmost small RNA producing loci delineated two distinct classes of
siRNA-producing loci in Physcomitrella. The first type which I called Pp21SR has 21nt long
small RNAs as the clearly most abundant small RNA length class (Figure 5-1A). The second
class had three distinct peaks of 21-, 23- and 24nt small RNAs, with the 23nt long small RNAs
being the most abundant and followed quite closely by the 24nt class of small RNAs. The
consistency in abundance ratio of 21-, 23- and 24nt small RNAs was particularly striking (Figures
5-1B). Genetic studies showed evidence that Physcomitrella DCL3 (PpDCL3) is responsible for
the production of the 22-24nt small RNAs in the Pp23SR loci and the suppression of retrotransposons [38]. I refer to the 52 members of the second class as Pp23SR and their length range
from 5000nt to about 50,000nt. The median loci length for Pp21SR and Pp23SR classes were
248nt and 11,902nt respectively (Figure 5-1C). My analysis showed that the total abundance and
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count of small RNAs match the sense and antisense strands of the Pp23SR loci were about equal.
This is suggests that the origin of most of the Pp23SR loci are derived from perfectly doublestranded RNA from RDR activity (Figure 5-1D). On the contrary, a significant number of small
RNAs matching Pp21SR loci matched exclusively to one strand or the other. This suggests
derivation from stem loops formed from single-stranded substrates or bi-directional transcription
of a single-strand (Figure 5-1D). Further Pp21SR loci tend to be overlap regions of annotated
genes while Pp23SR loci overlapped gene deserts (Figure 5-1E).
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Figure 5-1 Two classes of small RNA producing loci in the moss Physcomitrella.
(A) Distribution of small RNA lengths within the 52 of the 100 most prolific, uncharacterized
small RNA producing loci which were dominated by 21nt small RNAs. Each line represents the
small RNA size distribution within a single locus. These are referred to as the Pp21SR loci. (B)
As in A for the 48 of the 100 most prolific small RNA producing loci which were typified by a
collection of 21-24nt small RNAs. These are referred to as the Pp23SR loci. (C) Scatterplot
depicting the normalized small RNA abundances vs. the sizes of the small RNA producing loci.
Blue triangles, Pp21SR loci; red circles, Pp23SR loci. (D) The fraction of the normalized small
RNA abundance emanating from the most abundant genomic strand is categorized for Pp23SR
loci (red) and Pp21SR loci (blue). The subset of the Pp21SR loci where more than 50% of the
abundance stemmed from small RNA dyads (where the same small RNA mapped to both
genomic strands within a locus) are indicated by hollow blue bars, while solid blue bars indicate
Pp21SR loci with less than 50% dyad abundances. None of the Pp23SR loci had a majority of
small RNA abundance derived from such dyads. (E) Fractions of the genome (black), Pp21SR
loci (blue), Pp23SR loci (red) and randomized controls (hollow bars) overlapping annotated
Physcomitrella genes.
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5.3.2 Physcomitrella inverted repeats loci produce 21nt small RNAs
From figure 5-1D, it is evident that some Pp21SR loci show no strand bias with respect to
total abundance of small RNAs matching the sense and antisense strands. This evidence suggests
the plausibility of derivation from double-stranded precursors. However, the processing of stem
loop structures originating from inverted repeats is also an alternative source of strand symmetry
with respect to small RNA abundance. In the likelihood of a Pp21SR locus originating from
inverted repeat processing, I would expect small RNAs to match the locus exactly two times;
once on the sense strand and the other on the antisense strand. My data supports inverted repeats
biogenesis for these Pp21SR loci.

I identified inverted repeat regions within all Pp21SR and Pp23SR loci as well the whole
Physcomitrella genome, using the einverted program. My results show that 6.2% of the
Physcomitrella genome consists of inverted repeats and the median sequence identity of the arms
of 132,656 of these repeat loci was 79% (Figure 5-2A). About 79% and 85% of the Pp21SR and
Pp23SR loci respectively, overlapped inverted repeat regions. However the nucleotide
proportions of Pp23SR loci matching inverted repeats was not significantly different from the
genome-wide value. Hence the biogenesis of Pp23SR loci may not be associated with inverted
repeats. On the other hand, a significant number of the Pp21SR loci were enriched in inverted
repeat when compared to the genome-wide and many of the Pp21SR loci actually most of their
small RNAs matching the arms of inverted repeats. Moreover most of the small RNAs of many
Pp21SR loci matched to the arms of single inverted repeats and reflects the derivation from
helical parts of stem-loop structures from the transcription of inverted repeats (Figure 5-2B).

Genome-wide studies in Arabidopsis show that tandem repeats are capable of producing
small RNAs and this involves the transcription of a tandem repeat region followed by individual
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units of repeats within the transcribed tandem repeat pairing up or bonding to form doublestranded substrates [34,130]. Studies in Arabidopsis FWA gene also show that de novo
methylation can be triggered by the mere presence of direct repeats in the promoter region [32].

Figure 5-2 Pp21SR loci often correlate with inverted repeats. (A) Percent identity of inverted
repeat arms vs. the percent of Pp21SR (blue) and Pp23SR (red) loci which those arms overlap.
Black indicates percentage of the Physcomitrella genome which overlaps inverted repeats, with
error bars indicating the first quartile, median, and third quartiles of genome-wide inverted repeat
identities. (B) Normalized small RNA abundance within inverted repeat stems vs. the total
normalized abundance for Pp21SR (blue) and Pp23SR (red) loci. For loci which overlapped
multiple inverted repeats, the one with the maximum abundance is shown. The position
corresponding to Pp23SR1 is highlighted. (C) The percentage of nucleotides overlapping tandem
repeats is shown genome-wide (black), for Pp21SR loci (blue-solid) and for Pp23SR loci (redsolid). The averages and standard deviations for ten cohorts of Pp21SR loci (blue-hollow) and
Pp23SR (red-hollow) with randomized positions in the genome are also shown.
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Hence I investigated the correlation of tandem repeat regions with Pp21SR and Pp23SR loci. My
estimations show that 2.3% of the Physcomitrella genome consists of tandem repeats. The
tandem repeat content of the Pp21SR and Pp23SR loci were 2.6% and 3.2% respectively. Using
random shuffles of small RNA loci of similar lengths showed that these values were not
statistically significant (Figure 5-2C). Hence I conclude that tandem repeat regions in
Physcomitrella may not be the substrates for the production of the most prolific small RNA
producing loci.

5.3.3 Diversity in Pp21SR locus types
Further analysis of the Pp21SR loci elucidates diversity in cluster type (Figure 5-3A).
One class which consisted of nine loci, had the characteristic discrete duplex derived from a stemloop region of a miRNA precursor transcript. Hence I designated this class of Pp21SR loci to be
newly discovered miRNAs (Table 5-1). While most of the new miRNAs form novel miRNA
families, one of the new miRNAs seems to be a paralog of members of the Physcomitrella
miR1023 family; I named this miRNA ppt-miR1023e. Recent studies in Drosophila show that
distinct miRNAs can be derived from opposite strands of the same locus [22,184,188]. Two of the
novel miRNAs (ppt-miR7004 and ppt-miR7005) were intriguingly derived from the opposite
strands of a single locus. This represents a novelty in plant miRNA biogenesis (Figure 5-3B). One
class of Pp21SR loci consisted of 19 members and were inverted repeats-derived. Many members
of this class were much longer than the average miRNA locus size and a few seemed to span pairs
of convergent transcripts (Figure 5-3C-D). Generation of small RNAs from convergent transcripts
has been documented in Arabidopsis, where they are produced in response to salt stress [25] and
in antiviral defense [100,101]. However, the convergent transcript pairs from which this second
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class of Physcomitrella Pp21SR small RNA-producing clusters were derived, seemed identical
and form near-perfect inverted repeats. This suggests that they may be derived from singlestranded stem-loop structures, possibly by read-through transcription. This is in contrast to the
natural antisense small RNAs [25,100,101] which are derived by precise processing of noninverted repeat loci.

The complete characterization of the remaining 24 Pp21SR loci was inconclusive: These
loci were not derived from inverted repeats loci. A subset, consisting of 8 loci formed discrete
abundant 21nt peaks mimicking miRNA abundance, but actually did not form clearly identifiable
stem-loop secondary structures associated with miRNAs (Figure 5-3E). It is possible that some of
these 24 clusters are real miRNAs that did not meet the current requirements for miRNA stemloop prediction. There is also the possibility that these small RNA-producing loci are derived
from precursors that traverse splice junctions and hence using their genomic sequence for stemloop prediction is not appropriate. Other members of the last 24 Pp21SR loci show siRNA-like
features such as producing a numerous small RNAs from both sense and antisense strands, that is
associated with processing of long, perfectly double-stranded RNA precursor sequences (Figure
5-3F).
Table 5-1 New microRNAs found in Physcomitrella patens.
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Figure 5-3 Diversity of Pp21SR loci. (A) Classification of the 52 Pp21SR loci. IR: Inverted
repeat. Details of each locus are in Supplemental Tables 1-2. (B) Example of discrete
production of single dominant small RNA duplex from an imperfect inverted repeat (e.g., a
miRNA/miRNA* duplex). The normalized abundances of corresponding small RNAs between
21 and 24nts in length were plotted relative to the genomic sequence as a function of the positions
of their 5’ ends using a bin size of one. ―+‖ indicates small RNAs matching the positive strand of
the genome, and ―-― indicates small RNAs matching the minus strand. The position of an
overlapping inverted repeat (IR) is shown above along with the percent identity between the
repeated segments, while a schematic of the likely small RNA precursor is shown at right.
(C) Example of diffuse small RNA production from an inverted repeat, as in B, except using a bin
size of 10nts. (D) Example of diffuse small RNA production from a very long inverted repeat, as
in B, except using a bin size of 50nts. The relative positions of two annotated transcription units
are also shown. (E) Example of discrete production of 21nt small RNAs without an apparent
inverted repeat, displayed as in B. (F) Example of diffuse small RNA production from both
strands of the genome, displayed as in B, except using a bin size of 5nts. ―Regions‖ depicted in
(C), (D), and (F) show positions of PCR amplicons used for methylation analyses.
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5.3.4 Most Pp23SR loci are derived from LTR-retrotransposons and Helitron DNA
transposons
Genome-wide analysis of Physcomitrella shows that LTR-retrotransposons (LTR-Rs)
account for about half of the genome and had undergone several cycles of expansion [166]. I used
the CENSOR program to compare known plant transposon proteins and the draft genome
assembly of Physcomitrella and established that about 19.4% of the genome consists of
interspersed repetitive elements. The protein-based similarity search also showed that LTR-Rs
were the most prominent interspersed repetitive element; account for 97% of interspersed
repetitive elements predicted. Helitrons, also called rolling circle DNA transposons accounted for
about 0.6% of the interspersed repetitive elements (Figure 5-4A). My analysis showed that 47.3%
and 6% of nucleotides in Pp23SR loci overlap LTR-Rs and Helitrons respectively. Using random
cohorts of similar locus length showed significant depletion in overlap with LTR-Rs and
Helitrons (p<<0.001, one-sided Z-test). Overall, only two out of the 48 Pp23SR loci showed no
overlap, while the rest overlapped one or both of the above types of transposons (Figure 5-4B).
On the contrary, 12% of nucleotides from the 52 Pp21SR loci overlapped LTR-Rs and Helitrons
(Figure 5-4A). Of these, only 2 out of the 52 Pp21SR loci overlapped LTR-Rs and none
overlapped Helitrons (Figure 5-4B). Randomization analysis revealed the percentage overlap of
the 52 Pp21SR loci were likely to be obtained by chance and hence not statistically significant.
Independent confirmation of the correlation between the Pp23SR loci and LTR-Rs was performed
using the LTR_FINDER program to predict full length LTR-Rs in all 48 Pp23SR loci. A
significant number of Pp23SR loci were found to have intact LTR-Rs. A similar search for intact
LTR-Rs in the 52 Pp21SR loci found none. Hence my analysis clearly showed that most Pp23SR
loci are derived from transposons-related sequences.
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Figure 5-4 Pp23SR loci are enriched in transposon-derived sequences. (A) The percentage of
nucleotides with high similarity to Helitron rolling circle DNA transposons (left) and LTRretrotransposons (right) is shown for the Physcomitrella genome as a whole (black), the 52
Pp21SR loci (blue-filled), and the 48 Pp23SR loci (red-filled). The averages and standard
deviations for ten cohorts of Pp21SR loci (blue-hollow) and Pp23SR (red-hollow) with
randomized positions in the genome are also shown. (B) The fraction of Pp21SR (blue) and
Pp23SR (red) loci which had at least some overlap with sequences similar to LTRretrotransposons (filled), Helitrons (hollow), or both (vertical stripes) is shown.
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The Pp23SR loci also showed diversity in structure. The most dominant Pp23SR loci,
Pp23SR1 maps to a genomic region of nested LTR-Rs, as detected by the LTR_FINDER program
(Figure 5-5A). Most of the small RNAs in locus are derived from a region between two
―convergent‖ LTR-R units. I suspect that the convergent transcription of these two LTR-R units
can produce the double-stranded RNA substrate for the production of the small RNAs in the
Pp23SR1 locus since long terminal repeats of full length LTR-Rs have been showed to contain
strong RNA polymerase II promoters which initiate the transcription of transposon genes. This
assertion is supported by the presence of the long inverted repeat I detected in this locus. This is
an intriguing characteristic, unique to the Pp23SR1 locus which has a huge proportion of small
RNA abundance mapping to the arms of the inverted repeat (Figure 5-2B). The Pp23SR2 locus
contained small RNAs that span several separated long terminal repeats (Figure 5-5B). In the case
of Pp23SR23, the locus was dominated by a variety of inverted repeats and almost the entire
length overlapped predicted LTR-R proteins (Figure 5-5C) while the Pp23SR35 locus is derived
from a Helitron DNA transposon (Figure 5-5D).
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Figure 5-5 Examples of Pp23SR loci. (A) Schematic of Pp23SR1, displayed as in Figure 5-3,
using 100nt bins. (B) Schematic of Pp23SR2, displayed as in Figure 5-3, using 100nt bins. (C)
Schematic of Pp23SR23, displayed as in Figure 5-3, using 100nt bins. (D) Schematic of
Pp23SR35, displayed as in Figure 5-3, using 50nt bins. ―Regions‖ show positions of PCR
amplicons used for methylation analyses.
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5.3.5 Arabidopsis 24nt small RNA producing loci show similarity to Physcomitrella Pp23SR
loci
To compare small RNA producing loci in Arabidopsis to the characterized Pp21SR and
Pp23SR loci in Physcomitrella, I first identified 100 top small RNA producing loci in
Arabidopsis using the same method described for Physcomitrella. I used deep sequencing data
from [99,164] and excluded all small RNA sequences matching known Arabidopsis miRNA
hairpins, TAS genes and other phased siRNA loci previously identified in [15,86]. Earlier
analyses [99,223] show that Arabidopsis siRNA-producing loci are 24nt dominant, derived from
transposon regions, map to both sense and antisense strands of genomic loci and correlate with
regions associated with cytosine methylation.

The top two most abundant loci were located in ribosomal DNA regions of chromosome
2 and 3 [164] and most of the small RNA sequence lengths were outside the typical small RNA
range of 21-24nt. This shows that these short ribosomal RNA sequences from these top two were
not generated from Dicer processing. Of the remaining 98 loci 96 were 24nt dominant and the
median locus length was 4,190nts (Figure 5-6A). Moreover, similar to the Pp23SR loci in
Physcomitrella, the small RNAs in these loci show no evidence of strand bias and are more likely
to be derived from double-stranded RNA precursor processing (Figure 5-6B-C). These loci
overlap regions rich in pseudogene content while lacking any significant overlap with open
reading frames of annotated genes (Figure 5-6D).

Although the Pp23SR loci were depleted in tandem repeat content, the top 96 most
abundant small RNA loci noticeably overlapped regions associated with tandem repeats (Figure
5-6E); this finding is consistent with previous conclusions in [33,34,130]. Only 3.5%, 9% and 2%
of the top most abundant loci overlapped predicted DNA transposons, LTR retrotransposons and
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non-LTR retrotransposons respectively. The results for DNA transposons and non-LTR
retrotransposons represent slight significance when compared to random cohorts of loci of
identical size (Figure 5-6E). Compared to the Physcomitrella Pp23SR loci which were highly
enriched in transposon content (Figure 5-4B), only 46% of the Arabidopsis topmost abundant
siRNA-producing loci overlapped transposon or repeat regions (Figure 5-6G). Our analysis
showed that most of the topmost 96 loci also overlap regions associated with cytosine
methylation (Figure 5-6G-H), as found in [32,39,210,223,226].

In summary the most abundant 24nt-dominant small RNA loci in Arabidopsis shared
some similarities with the Physcomitrella Pp23SR counterparts with respect to locus length and
derivation from double stranded RNA precursor. However, they differed small RNA length
classes (24nt dominated in Arabidopsis versus a heterogeneous mixture of 21, 23, 24 nt lengths in
Physcomitrella), intensity of transposon overlap (more prominent in Physcomitrella) and tandem
repeats association (enriched in Arabidopsis versus depletion in Physcomitrella).
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Figure 5-6 Arabidopsis small RNA loci. (A) Distribution of small RNA lengths within 96 of the
top 100 most prolific, uncharacterized small RNA producing loci of Arabidopsis. miRNAs and
loci producing phased siRNAs were removed prior to ranking. Each line represents the small
RNA size distribution within a single locus. (B) Scatterplot depicting the normalized small RNA
abundances vs. the sizes of the 96 small RNA producing loci. (C) Fractions of the normalized
small RNA abundance emanating from the most abundant genomic strand for the 96 loci. (D)
Fractions of the 96 loci (black), randomized controls (hollow) and entire genome (grey)
overlapping annotated Arabidopsis genes and pseudogenes. (E) The percentage of nucleotides
overlapping tandem repeats is shown for the 96 loci (black), ten cohorts of randomized loci
(hollow) and the entire genome (grey). (F) The percentage of nucleotides with high similarity to
the indicated classes of repetitive elements is shown for the 96 loci (filled). The mean values for
ten cohorts of loci with randomized positions within the genome are shown (hollow) with error
bars representing one standard deviation. Values for the genome as a whole are shown in grey.
*, p < 0.005 (one sided Z-test); **, p << 0.0001 (one sided Z-test). (G) Fraction of loci which
overlapped a repetitive element (filled). The mean for ten randomized control cohorts of loci is
also shown (hollow) with standard deviations indicated. (H) The percent of each locus with 5methyl cytosine modification was calculated (data from Zilberman et al., 2007) and plotted as a
histogram (filled), as were the mean values for ten randomized control cohorts (hollow). Error
bars indicate standard deviations. (I) As in H, except using the data of Zhang et al.
(2006).Replace this with figure caption below figure.
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5.3.6. Chlamydomonas reinhardtii produces heterogeneous small RNA-producing loci which
are 20 or 21nt dominant
I identified the topmost small RNA producing loci in Chlamydomonas using combined
data from [144,225] and excluded miRNA hairpins. 24 out of the top 100 loci were dominated by
small RNAs of length less than 20 or greater than 24. Excluding these 24, the remaining 76 loci
were 20 or 21nt dominant and the loci length were relatively short; median locus length was
200nt (Figures 5-7A-B). In general, small RNAs from these loci were a heterogeneous mixture of
single-stranded and double-stranded RNA derived precursor sequences; some of the small RNAs
matched both sense and antisense genome polarities while others matched only a single strand
(Figure 5-7C). Genome-wide randomization analysis showed no statistical significance of overlap
with open reading frames of annotated genes (Figure 5-7D). My analysis showed about a third
(27/76) of the loci overlapped inverted repeats regions; some loci were completely derived from
single inverted repeats (Figures 5-7E-F). Derivation of an entire locus from a single inverted
repeat suggests biogenesis from a single-stranded, stem-loop precursor.

Analysis of Repeat Masker-annotated repeats regions in [225] concluded that the
few small RNAs mapping to these regions have no influence on the control of transposons in
Chlamydomonas. On the other hand analysis in [144] suggested that small RNAs are significantly
enriched in transposon regions. I found that small RNAs originating from the 76 loci, indeed
overlapped regions associated transposons but results from analysis of randomized cohorts of
similar locus size show that the overlap is not statistically significant (Figure 5-7G).

In summary, I found that, unlike the Physcomitrella Pp23SR loci and Arabidopsis 24nt
small RNA loci, the Chlamydomonas loci showed no significant enrichment in overlap with
transposons. Furthermore, the small RNA loci in Chlamydomonas were not clearly decipherable.
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Figure 5-7 Chlamydomonas small RNA loci. (A) Distribution of small RNA lengths within 76
of the top 100 most prolific, uncharacterized small RNA producing loci of Chlamydomonas.
Annotated miRNAs were removed prior to ranking; 24 loci dominated by small RNAs ≤19 and/or
≥25 nts. in length were omitted. Each line represents the small RNA size distribution within a
single locus. (B) Scatterplot depicting the normalized small RNA abundances vs. the sizes of the
76 small RNA producing loci. (C) Fractions of the normalized small RNA abundance emanating
from the most abundant genomic strand for the 96 loci. (D) Fractions of the 76 loci (black),
randomized controls (hollow) and entire genome (grey) overlapping annotated Chlamydomonas
genes. (E) Percent identity of inverted repeat arms vs. the percent of each locus with which those
arms overlap. Horizontal tick indicates percentage of the Chlamydomonas genome which
overlaps inverted repeats, with error bars indicating the first quartile and third quartiles of
genome-wide inverted repeat identities. (F) Normalized small RNA abundance within inverted
repeat stems vs. the total normalized abundance for the 76 loci. For loci which overlapped
multiple inverted repeats, the one with the maximum abundance is shown. (G) The percentage of
nucleotides with high similarity to the indicated classes of repetitive elements is shown for the 76
loci (filled). The mean values for ten cohorts of loci with randomized positions within the
genome are shown (hollow) with error bars representing one standard deviation. Values for the
genome as a whole are shown in grey.
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5.4 Discussion
In Arabidopsis, extensive studies of siRNA-producing loci show that these loci are
dominated by 24nt small RNAs which act to suppress repetitive elements and have been
associated with DNA methylation and histone modification [32,99,223,226]. To investigate the
evolution of siRNA-producing loci and function, I defined and compared the siRNA-producing
loci of Arabidopsis, Physcomitrella and Chlamydomonas. Analysis of the top 100 siRNAproducing loci in Physcomitrella revealed two distinct classes of small RNAs. The Pp21SR loci
class were dominated by 21nt small RNAs and showed diversity in structure. Some of the
Pp21SR loci appear to be novel miRNAs, while others were characterized by siRNA-like
features; span several kilobases and nearly equal total abundance of small RNAs matching the
sense and antisense strands. Others showed miRNA-like characteristics like forming hairpin
structures while some had mixed miRNA and siRNA characteristics. These cryptic Pp21SR loci
with mixed small RNA-type features may represent an intermediate state in small RNA evolution
and further analysis of these sequences may be needed. The Physcomitrella Pp23SR loci were
dominated by 23nt small RNAs and the ratio of the total abundances of the 21nt, 23nt and 24nt
small RNAs on each locus was surprisingly similar for all Pp23SR loci. Later experiments
showed that Physcomitrella DCL3 is associated with the production of 22-24nt small RNA length
classes (Cho et al., 2008) [38]. In contrast to Physcomitrella, the various Dicer enzymes in
Arabidopsis are associated with different small RNA length-types; Arabidopsis DCL1, DCL2,
DCL3 and DCL4 are associated with 21nt, 22-23nt, 24nt and 21nt small RNA lengths,
respectively [81]. This Physcomitrella siRNA characteristic I discovered has never been reported
for Arabidopsis or any other plant genome. At the time of the analysis, the absence of sufficient
high throughput sequencing data from Oryza, Selaginella and Populus hampered further analysis
to determine the evolutionary extent of this phenomenon. Moreover, the analysis of the available
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small RNAs sequences from Oryza, Selaginella and Populus did not reveal similar abundance
distributions by small RNA length classes. Overall the Physcomitrella Pp23SR loci were
functional equivalents of the Arabidopsis 24nt small RNAs; they both show strong correlation
with regions of DNA methylation. The Physcomitrella Pp23SR loci were derived from
transposon-related sequences while the Arabidopsis 24nt small RNAs are mainly derived from
tandem repeat regions. Analysis of the Physcomitrella Pp21SR loci show that a significant
number are derived from inverted repeat loci. The analysis of the non-miRNA small RNAs in
Chlamydomonas revealed no significant patterns which were suggestive of siRNA-like loci; the
Chlamydomonas small RNA clusters did not overlap transposon regions. This suggested that in
Chlamydomonas, there may not be siRNA loci similar to what has been characterized in previous
studies in other genomes. The computational method for defining the small RNA clusters is
primitive and a more precise siRNA cluster definition method could play an essential role in
future siRNA RNA cluster evolution studies.

5.5 Conclusion
Outside Arabidopsis not much was known about the characteristics of siRNA-producing
loci in other plants. To study the evolution of siRNAs in plants I defined small RNA-producing
clusters in the flowering plant Arabidopsis, the moss Physcomitrella and the unicellular green
algae Chlamydomonas. Together these three organisms represent important phases during more
than one billion years of plant evolution. My analysis of the topmost abundant loci showed that
Pp23SR loci in Physcomitrella are analogous to the 24nt small-RNA-producing loci in
Arabidopsis. The resemblance stems from our findings that both are associated with transposon
regions of their respective genomes and also show strong correlation with regions of DNA
methylation. On the contrary I found no evidence of small-RNA-producing loci in
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Chlamydomonas that correlate with transposon regions. This may imply that the activity of these
small RNA-producing loci in transposon regions is a land-plant innovation. The systematic,
consistent ratio of 21-, 23- and 24nt small RNAs in the Physcomitrella Pp23SR loci, and the
production of 22-24nt small RNAs by DCL3 activity is an important novelty in Physcomitrella;
the topmost abundant small RNA-producing loci in Arabidopsis are dominated by 24nt small
RNAs, which are also produced by Arabidopsis DCL3.
Several small-RNA-producing loci in Physcomitrella were dominated by 21nt small
RNAs. The Pp21SR loci showed diversity in structure. Some of these Pp21SR loci turned out to
be miRNAs which were missed in previous analysis, possibly due to not meeting conservative
requirements for miRNA finding. Others may actually represent an intermediate state in miRNA
evolution or even represent a novel class of small RNAs altogether.

107

Chapter 6
Future Work
With an ever improving number and availability of toolkits for sampling and analyzing
small RNAs in diverse number of genomes, the diversity in function and types of small silencing
RNAs seems to be getting broader. From the dawn of the peculiar discovery of the first miRNA,
our knowledge was extended to the genome-wide discovery of several other miRNAs with
diverse functions in the Caenorhabditis genome. Next was the discovery of miRNAs in other
animals, which was then followed by similar discoveries in plants. Just when it was thought that
siRNAs were a plant-specific novelty, endo-siRNAs were later found in animals. Similarly while
studies where leaning towards the suggestion that may be miRNAs played a critical role in
multicellularity of

higher

eukaryotes,

miRNAs

were discovered in the unicellular

Chlamydomonas. Other shifts in our understanding of small silencing RNAs include the finding
that, it also very common for plant miRNAs to use translational repression as a mode of transcript
regulation and also the finding of the presence of functional miRNA target sites outside 3’UTRs
of animal transcripts. The ascendency of deep sequencing techniques [126,136] which usually
generate millions of short length reads within a relatively short amount of time had facilitated a
significant number of the recent small RNA discoveries. The combination of deep sequencing
methods and efficient computational techniques holds the future of further small silencing RNA
discoveries. The generally short length of small RNAs fits into the sampling profile of sequences
derived from the deep sequencing methods. Direct detection or prediction of novel small RNAs
using purely computational methods is nearly impossible. Using deep sequencing techniques to
sample small RNAs can be used to discover and quantify novel small RNAs. The discovery may
then be followed by in silico methods to accelerate the discovery of homologous sequences in
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closely related species or homologs in diverse species when the small RNA sequence is deeply
conserved.

Several key questions still need to be answered. Why are some protein-coding genes?
conserved between plant and animal kingdoms and yet no miRNAs are conserved between the
two kingdoms? Are the conserved miRNAs between plants and animals awaiting discovery or
have they diverged to an extent that they do not show readily recognizable sequence
conservation? Studies in plants show that miRNA sequence conservation is at the nucleic acid
level whereas diverged DNA sequences for protein-coding genes can still show conservation in
protein structure or amino acid composition. May be more sophisticated structural and DNA
sequence similarity methods designed for miRNA could be a necessary tool to further investigate
this question.

Within plant or animal kingdoms, why are there deeply conserved miRNAs that are under
selective pressure to maintained complementarity with the same target genes across the kingdom,
while other miRNAs are deeply conserved within a kingdom but have changed targets over time
[13,14,16,37,60,209]. For example the target gene families of plant miRNA miR156 and miR390
are conserved in the last common ancestor of Arabidopsis and Physcomitrella; an evolutionary
distance of over 400 million years [16]. Comparative studies may reveal characteristics
underlying the difference in conservation.

What is the reason why there are no miRNAs in fungi and hence what key ―ingredients‖
are necessary and sufficient for a successful miRNA ―program‖ i.e. successful miRNA formation
and function in any organism? A rigorous phylogenetics and gene birth and death dynamics
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studies may provide answers to why or when fungi lost their miRNAs, or whether they ever had
miRNAs at all.

What is the complete picture of all regulatory networks a miRNA is involved in, and
hence how do the interactions affect miRNA activity? This question could be possibly answered
with advances in systems biology methods in tandem with gene knockout experiments and
microarray studies.

In plants, several deep sequencing experiments had yielded a plethora of low abundance
non-conserved small RNAs [38,56,164]. Are these small RNAs functionally active and what are
their target transcripts, if any? Moreover, the overlap between the low abundance small RNAs in
[164] and [56] were low. When would we eventually attain convergence in small RNA
sequencing data for each genome? Convergence may finally be realized with the advances in
deep sequencing technology.

Some small RNAs recently found in Physcomitrella which defied the traditional
classification by showing mixed miRNA and siRNA features such as hairpin formation,
production from long dsRNA precursors and strand symmetry in total abundance of small RNAs.
What are these unclassified ―hybrid‖ small RNAs and what are their biological functions? Do
they represent a snap shot of intermediates of miRNA or siRNA evolution? Using artificial
miRNAs, specifically designed to target such ―cryptic‖ small RNAs may reveal their functions, if
any.

Why are mainly the 3’ UTRs in animals under selective pressure to maintain
miRNA:target sequence pairings and not other locations of their target mRNA transcripts. Also

110
what roles do other non-target sites along a transcript play in target transcript selection? Sequence
conservation is a sign of functional relevance within a related group of species. Using methods
such as phylogenetic shadowing to unearth conserved, non-target sites followed by functional
studies may shed more light on the role of such sequences.

Have we exhausted the search for all classes of regulatory small RNAs or are we yet to
discover other novel small RNA classes? Analyses, including that of the above mentioned
―cryptic‖ small RNAs and also some of the low abundance small RNA sequences may reveal new
sources of small RNAs and also their regulatory roles.

Recent gene expression and metabolism studies show an increasing number of factors
that associate with an mRNA transcript from the point of transcription to eventual degradation
[146]. What are the complete sets of cofactors that interact with miRNAs during transcriptional
and posttranscriptional gene regulation? Experience gained from previous eukaryotic gene
pathway studies could be the starting point for investigating other unknown miRNA associations.

Also, what is the complete set of signals that systematically determines if a transcript is a
bona fide target of a small silencing RNA? The implementation of future in silico detection
methods for small silencing RNA could greatly benefit from such a finding. Current purely in
silico methods are hardly immune to false negative and false positive target detection.

My current research has focused on the analysis of small RNAs and their target loci in the
model land plants, Arabidopsis thaliana and Physcomitrella patens. I will be focusing on the
characterization of small RNAs and their targets in newly sequenced and assembled genomes
with the emphasis on finding novelties in form and function and also investigating evolutionary
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relationships among plant small RNA species. I would remain to be in the forefront of the design
of computational tools for the identification and analysis of novel non-coding RNAs and their
targets.
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Appendix A
List of cleaved microRNA targets detected in Arabidopsis
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Appendix B
A guide to using CleaveLand pipeline command line options
MANUAL
NAME
CleaveLand

- A pipeline for using degradome data to find cleaved small RNA targets

SYNOPSIS
CleaveLand -d degradome_file -s mature_smallRNA_file -c transcriptome_file [-r struct_RNA_file]
[-n number_of_shuffles] [-t complimentarity_score_threshold] [-m tpm_value]
[-f] [-v verbose_output_file] [-h] [-p]

DESCRIPTION
CleaveLand is a pipeline for detecting cleaved small RNA targets. The pipeline requires a minimum of
three input files as well as optional files and parameters. At a minimum the pipeline uses 3 FASTA
formatted files. These files contain the sequenced degradome data, mature small RNA sequences and
mRNA sequences.
The degradome sequences and mature small RNA files require special formatting of the FASTA headers.
Please check the SPECIAL FORMAT section.

PARAMETERS
Mandatory:
-d <degradome_sequencing_file>
FASTA formatted Degradome sequences file -- SPECIAL FORMAT REQUIRED, see below
-s <mature_miRNA_file>
FASTA formatted mature small RNA sequences file -- SPECIAL FORMAT REQUIRED, see
below
-c <transcriptome_file>
FASTA formatted transcripts
Optional:
-r <structural_RNA_file>
FASTA formatted collection of structural RNA sequences (e.g. rRNAs) file
-n <number_of_shuffles>
This integer number specifies the number of random shuffles to be generated for each mature
small RNA sequence. If not specified, the DEFAULT value is 10. i.e. NSHUFFLES=10 in
pipeline script.
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-m <multiplier>
This integer number specifies the multiplier to be used in the normalization of tag or sequence
abundance. If the multiplier value is 1 million then the normalized abundances had been
referred to as tags per million (TPM) not specified, the DEFAULT value is 1000000. i.e.
TPM=1000000 in pipeline script.
-t <complimentarity_score_threshold>
This real number specifies the complimentarity scoring threshold. All alignments
with complimentarity score less than or equal this value will be considered for
further processing. If not specified, the DEFAULT value is 7.0.
i.e. THRESH=7.0 in pipeline script.
-v <verbose_output_file>
This generates an output file containing an ordered list of all degradome sequences
matching each mRNA transcript and their corresponding abundances. The ordering is
based on the match location of the 5'-end of the sequences.
-f
This option processes ONLY the high abundance, "Category I" degradome sequences.
Among all degradome sequences with exact match to an mRNA transcript, ONLY the
most abundant is used in searching for complementarity with small RNAs.
-h
This is the "help" option. Shows all available command line options for executing
the pipeline.
-p
This generates data files which can be fed to any plotting software to display the
distribution of normalized tag abundances along each transcript showing evidence of
cleavage based on the scoring threshold specified.

NOTE:
Type "CleaveLand -h" to display the command or usage options

SPECIAL FORMAT
DEGRADOME SEQUENCES
The FASTA header should contain the abundance information for the sequence. The header
should contain no spaces or meta characters and is made up of the library name followed
by a unique number and an underscore which is then followed by an integer representing
the number of reads or abundance.
Example: >GSE11007_499999_2
In the above, the sequence name is GSE11007_499999 and the abundance or reads is 2.

MATURE SMALL RNA SEQUENCES
The FASTA header CANNOT contain meta characters or spaces.
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TEST
Test data for the pipeline is available for download on the Axtell Lab website at:
http://www.bio.psu.edu/people/faculty/Axtell/AxtellLab/Software.html

EXAMPLE
CleaveLand -d GSE11007_200K.fa -s miR_few.fa -c TAIR8_cdna_20080412 -v tag_dist.txt -t 5.5 -n 5
-f -m 250000 -p

RESULTS
See FAQ file for a description of the pipeline output .

RAW DATA CONVERSION
If one needs help with formatting to raw data (from degradome sequencing) into the required special
FASTA format, a utility program in the software package named "raw2fasta" can be used.
The raw2fasta program requires two parameters; one specifying the input data file and the other, the
output special FASTA file.
1) INPUT FILE:
Contains the degradome sequences to be converted. The first field in the file is the degradome sequence.
The second field in the file is the sequence abundance.
e.g.
TACTAAAGCTTCAGGCTCAAA
CTATGATGCGTGTATGATATG
AAACGTGATGCTGATCGTAGA

3
1
25

2) OUTPUT FILE:
This has the following special FASTA format (as described in the README file).
>seq_<unique_id>_abundance
sequence_data
e.g.
>seq_0_3
TACTAAAGCTTCAGGCTCAAA
>seq_1_1
CTATGATGCGTGTATGATATG
>seq_2_25
AAACGTGATGCTGATCGTAGA
3) HOWTO:
type:
raw2fasta input_file output_file
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Appendix C
Top endogenous siRNA-producing loci in Physcomitrella
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