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Abstract

Next-generation sequencing (NGS) technology which is a novel sequencing
technology offers high-throughput and robust approaches for monitoring and
analyzing the expression of small non-coding RNAs. Small non-coding RNAs
contain microRNAs (miRNAs) and short interfering RNAs (siRNAs) which play an
important role in gene silencing, DNA methylation and heterochromatic histone
modifications in animals and plants by targeting mRNAs. Unlike capillary-based
sequencing, next-generation sequencing technology produces million of
sequences (35~1000 nt) at a time. This offers the quantitative analysis in the
small non-coding RNA. Moreover, comparing oligonucleotide microarray, it can
be used to not only profile the expression levels of known -miRNAs but also
discovery novel miRNAs. In the recent years, there'are more and more studies
applying this sequencing technology to deciphering the function of small
non-coding RNAs. However, there are no complete and comprehensive analysis
flowsfor these sequencing data.

This work aims at developing the systematic and comprehensive analysis
pipeline in small non-coding RNA including animals and plants for
next-generation sequencing data. This pipeline can help biologists to easily apply
their own NGS data to finding the biological significant small non-coding RNAs,
pathways and regulation networks between small non-coding RNAs and their

target genes.
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1. Introduction

Motivation and Specific Aims

Non-coding small RNAs like microRNAs (miRNAs) and short-interfering RNAs
(siRNAs) play an important role in gene regulation by mRNA degradation,
translation repression and transcriptional gene silencing in‘animals and plants.
To investigate the function of small RNAs, the method for high-throughput
monitoring their expression level is needed. The oligonucleotide microarray is
one of common used method for detecting the expression of small RNAs. But this
method can only detect known small RNA sequences by designing corresponding
probe sets. To overcome this problem, next-generation sequencing (NGS)
technology which can produce millons of sequencing reads at a time is applied
for profiling the expression level of small RNAs. NGS has higher sensitivity and
specificity than olignucleotide microarray. Moreover, NGS can identify novel
non-coding small RNAs such as novel miRNAs. There are over 60 published
studies about non-coding small RNA analysis by mext-generation sequencing
technology in animals; plants, bacterial and virus (Table 1). The amount of
published studies per year also increases from the date (2004) which NGS is
available (Figure 1).

To handle ‘large amount of.small RNA sequencing data sets, various
standalone packages, web-based tools and algorithms are designed for different
purposes. For example, using traditional alignment tools like BLAST [1] and blat
[2] to map sequencing data to genomic sequences is not efficient. So, several
tools such as SeqMap [3], ZOOM [4], Maq [5], Bowtie [6] and SOAP [7] are

developed for analyzing numerous short sequences and map millions of short
1



sequences to genomic sequences. miRDeep [8] is designed for identify novel
miRNAs from small RNA NGS data. For automatically profiling the expression of
miRNAs, miRExpress [9] and miRNAkey [10], standalone packages, are
developed. Web-based tools such as miRanalyzer [11], SeqBuster [12], DSAP [13]
and mirTools [14] are also built. However, there are no any systematic and
comprehensive ‘analysis flows for annotating small RNA sequencing data
completely. In order to solve this problem and provide more detailed annotation
for sequencing data, the analysis pipeline of non-coding small RNA data by NGS
in different organisms such as animals and plants is certainly need to be
constructed.

This work aims.at developing the systematic and comprehensive analysis
pipeline in small non-coding RNA including animals and plants for
next-generation sequencing data. This pipeline contains sequencing raw data
preprocessing, the expression level of small RNAs profiling, novel miRNAs
discovery, the target genes of small RNAs identification and functional analysis of
target genes by combining multiple related data such as Gene Ontology (GO),
pathway information from KEGG [15] and gene expression data from cDNA
microarray. The method for each part is designed for optimizing the running time
and the results like generating more correct expression profiles and reducing the
false positive rate of target gene prediction. In addition, easily understood
analysis results of each part are also important for researchers. Therefore, the
analysis result of this pipeline is designed for abundance of biological

significance, easily read and simple formats.



Table 1. Non-coding small RNA studies using next-generation sequencing

technology
Species Number of published studies References
Animals
Homo sapiens 19 [16-34]
Mus musculus 2 [35-36]
Others 13 [37-49]
Plants
Arabidopsis 8 [50-57]
Oryza sativa 3 [58-60]
Others 13 [61-73]
Bacterial 4 [74-77]
Virus 2 [78-79]
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Figure 1. The distribution of non-coding small RNA studies by NGS. Data

collection until 2011.03



2. Background

2.1 Next-generation sequencing technology

Next-generation sequencing (deep sequencing) technology is a new sequencing
approach which produces millions of sequencing reads at a time. The general
workflow of next<generation sequencing is preparing samples for sequencing by
ligating specific adaptor oligos to 5’ and 3’ ends of DNA fragments. Then, the
samples are subjected to the next-generation sequencers. The ‘length of
sequencing reads is 25~1000 nt according to different sequencing platforms. The
quantities of sequencing reads are also different in each sequencer. The
difference between next-generation sequencing (NGS) and Sanger sequencing
are the number of produced reads at a time (NGS: 100 MB-30 GB, Sanger: 0.1
MB), the length of reads (NGS: 25-1000 nt, Sanger: 700-900 nt) and the cost per
GB (NGS: $2K~84K, Sanger: >$2500K). Five next-generation sequencers can be
chosen now. They are Roch454 FLX sequencer, Illlumia Genome Analyzer, Applied
Biosystems SOLiID sequencer (ABI SOLiD), HeliScope Single Molecule sequencer

(Helicos tSMS) [80-82] and Pacific Biosciences [83].

Roche 454

Roche 454 1is the first next-generation DNA sequencer which is commercially
introduced in 2004. Roche 454 sequencer produces sequencing reads based on
the principle of prosequencing. Figure S1 demonstrates the workflow of Roche
454 sequencer. The sample is constructed by ligating 454-specific adaptors to
DNA fragments. Then, ligated DNA fragments are amplified by bead-based

emulsion polymerase chain reaction (em-PCR). After em-RCR, amplified beads

4



are loaded into the picotiter plate (PTP). PTP is the solid surface which contains
the single wells for packing beads and enzyme beads. In the PTP, all amplified
beads are sequenced by pyrosequencing reactions. Nucleotides are flowed
sequentially and sequenced by detecting the light which is generated through the
release of pyrophosphate: Roche 454 sequencer can produce 700 Mb of
sequences per run in 23 hours. The length of sequences.is 700-1000 nt [80-82].
Illumia Genome Analyzer

[llumina Genome Analyzer whichis developed based on the concept sequencing
by synthesis (SBS) is available in 2006. Figure S2 is the workflow of Illumina
Genome Analyzer. Before loading the sample into the flow cell, it needs to be
done fragmentation and 5’ and 3’ adaptor ligation. The ligated DNA fragments
are amplified by bridge amplification (an isothermal process that amplifies each
fragment into a cluster). To sequence each cluster in the same direction, one
strand of amplified clusters is selectively removed. Then, the flow cell is
transferred to the Genome Analyzer. Each single-strand cluster is sequenced by
SBS reactions (imaging, removing the fluorescent group and_deblocking the 3’
end for next cycle). In each chemistry cycle, only a single base is identified. So,
the length of sequencing read is determined by the number of cycles of
nucleotide incorporation, image and cleavage. [llumina Genome Analyzer can

produce 95 GB of 100-150 nt sequencing reads perrun in 2 days [80-82].



ABI SOLiD

Applied Biosystems SOLiD sequencer (ABI SOLiD) is commercial release in
October 2007. Like Roche 454, it uses em-PCR to amplify fragment DNA into
beads. ABI SOLiD uses a unique sequencing process catalyzed by DNA ligase
(Figure S3a). The ligation-based sequencing process. begins with annealing a
universal primer which is perfect complementary to the 5° end adaptor. Then, 16
random 8-mer probes are added. The first and second 3’ end of the probes are
labelled using one of four fluorescent dyes and complementary to the template
sequences. After ligation, the fifth dinucleotide is imaged. Then, the 6-8
nucleotides of the probes-are removed and adding the random probe set.. Every
dinucleotide profile is.imaged after several rounds of ligation and the sequencing
reads are identified (Figure S3b). This ligation-based approach is called as 2 base
encoding. SOLiD sequencer can produce 10-20 GB of sequencing reads (25-75 nt)
per run in 2-4.5 days [80-82].

Helicos’ tSMS

Helicos’ tSMS sequencing platform is available in 2008. It is the first next-next
generation (314 generation) sequencing platform. The technology of tSMS is
different with Roche 454, [llumia and SOLiD. tSMS do not amplify the templates
before sequencing. Library preparation is also different with other three
sequencing technologies (only adding a poly-A tail and labeling the fluorescent).
Then, tailed templates are detected according to the fluorescent label through
hybridiinge to poly-T oligonucleotides on the flow-cell surface. The sequencing
flow of tSMS is called as terminator SBS. The terminator nucleotides are based on
steric hindrance to deter the incorporation of more than one nucleotide per cycle.

Fluorescent is removed and the next fluorescent nucleotide is added singly per
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cycle after identifying incorporate nucleotides. tSMS currently produces 21-28
GB of sequencing reads (25-50 nt) per run in 8-9 days [81].

Pacific Biosciences

Pacific Biosciences is the second 3rd generation sequencing platform (announced
in 2010). Like Helicos’ tSMS, it does not need to.do amplification before
sequencing. The sequencing method of Pacific Biosciences. is called as
single-molecule real-time (SMRT) sequencing. It directly observed DNA synthesis
on single DNA molecules in real time by using zero-mode waveguide (ZMW)
technology. The first commercial SMRT array contained ~75000 ZMWs. Each
ZMW ‘contains a DNA polymerase loaded with DNA samples. The sequencing
length of SMRT is >1000.nt (maximum length is more than 10000 nt). Moreover,
the time per run is only several hours [83].

Comparison of next-generation sequencing technologies

Table 2 lists the performance comparison of current different next-generation
sequencing platforms. Among these five sequencing platforms, tSMS and Pacific
Biosciences are 3™ generation sequencing platform.. which do mnot do
amplification. Therefore, the sequencing error rate is lower than other three
platforms (the error rate of Pacific Biosciences could not be obtained from
official site but it should be very low according to the sequencing method). This
is because some templates which are sequenced do not incorporate a nucleotide
at the corresponding cycle during the amplification processes. For Pacific
Biosciences, the length of sequencing read is more than 1000 nt. It is more
suitable than other sequencing platforms in de novo assembly and SNP

identification.



Table 2. The performance comparison of next-generation sequencing

technologies
Roche 454 IHlumia Genome ABI SOLID Helicos tSMS Pacific Biosciences
(FLX-Titanium) Analyzer (11x)
Method of Bead-based/ Bridge amplification | Bead-based/ N/A N/A
amplification emulsion PCR emulsion PCR
Sequencing Pyrosequencing Polymerase-based Ligation-based Virtual Single-molecule
chemistry sequencing-by-synth equencing terminator SBS | real-time sequencing
Read length 700-1000 -150 N - >1000
Run time 23h ys for 36-cycle | 6-7 days for i-' S <1day

Throughp
un (Gb)
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libraries

| |
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10-20
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0.001%
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2.2 The biogenesis of microRNAs in animals

MicroRNAs (miRNAs), small non-coding RNAs of 19~25 nt sequences, play
important roles in gene regulation in animals and plants. Generally, miRNAs
hybridize to the 3’-untranslated region (3’-UTR) of mRNA to down-regulate gene
expression or to induce the cleavage of mRNA and can fully hybridize to the
transcripts of target gene [84]. Previous studies have suggested that miRNAs are
strongly associated with various cancers [85] and various crucial cell processes

such as apoptosis, differentiation and development:

Transcript degradation
or transcriptional repression
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\—!
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Figure 2. The biogenesis of miRNAs




MicroRNA (miRNA) genes are generally transcribed by RNA Polymerase II (Pol II)
in the nucleus to form large pri-miRNA transcripts, which are with 5° 7-methyl
guanosine cap and 3’ poly-A tail. The pri-mRNAs can be classified into two types
according to their genomic locations (Figure 2). One is intragenic pri-miRNA
which locates in the known gene. Another is intergenic pri-miRNA which locates
in the region which does not be annotated as the gene. 60-100 nucleotide
pre-miRNA precursors are produced through the transcription’ process of
pri-miRNA transcripts. This transecription is processed by the RNase IIlI enzyme
Drosha and its co-factor DGCR8 [86] (also known as Pasha). Drosha functions as
the catalytic subunit, while'DGCR8 recognizes the RNA substrate in this process.
Then, the pre-miRNA. is.exported to the cytoplasm by exportin-5 and turned into
the miRNA duplex by RNase Il enzyme Dicer [87]. One strand of the miRNA
duplex is incorporated into the protein complex known as RNA-induced silencing
complex (RISC) with Argonaute proteins{88]. Previous study shows that nuclear
RISC, consisting only of Ago2 and‘'mature miRNA, is loaded in the cytoplasm and
imported into the nucleus [89]. Diederichs and Haber indicate that Ago2 can
serve as Dicer enzyme to cleave pre-miRNA [90]. The mature miRNA then binds
to complementary sites in the 3' untranslated regions (3'-UTRs) of mRNA to
negatively regulate gene expression depend on the degree of complementarity
between the miRNA ‘and its target. miRNAs that bind to mRNA targets with
imperfect complementarity block the expression of target gene at the level of
protein translation. Complementary sites for miRNAs by this mechanism are
generally found in the 3’UTR of the target mRNA genes. miRNAs that bind to their
mRNA targets induce target-mRNA cleavage. The regions among miRNA-binding

sites called as seed regions (Watson-Crick consecutive base pairing between

10



mRNAs and the miRNA at position 2-8 from its 5' end) [91] located in 3'-UTRs of
mRNAs are important to translational repression and mRNA degradation [92].
Figure 3 shows the function of miRNAs in different ways. Plant miRNAs differ
from animal miRNAs in that many plant miRNAs have perfect homology to their
target mRNAs, and they-act through the RNAi jpathway to cause mRNA
degradation [93]. However, some plants with imperfect complementarity to their
target sites and act a function similar to animal miRNAs. Plant miRNAs are also
known to target chromatin modifications, such as histone methylation and DNA

methylation [94].

A mRNA degradation B Translation repression C Transcription repression
./_\/Q/\ AAAA - a‘ U ~ AAAA M
mRNA MRNA Active chromatin
Histone methylation
— Ribosome
N @ / \\I xk
’ L DIR A :
_’_\\ () AAAA
Adq, R

Figure 3. miRNA function: (A) mRNA degradation, common in  plants; (B)
Translation. repression, common in animals, (C) Transcription  repression by

histone or DNA methylation, common in yeasts, plants, and possibly animals
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2.3 MicroRNAs and siRNAs in plants

In plants, small RNAs (19-27 nt) can be classified into two classes, microRNAs
(miRNAs) and short interfering RNAs (siRNAs), play an important role in gene
regulation. siRNAs contain trans-acting siRNAs (tasiRNAs), natural antisense
transcript siRNAs (nat-siRNAs) and heterochromatic siRNAs (hc-siRNAs). Figure
S4 demonstrates that the biogenesis and relationship of miRNAs and each type of
sRNA in plants.

The biogenesis of miRNAs in plants

The biogenesis of miRNAs-in plants has some difference with animals. In plants,
the length of stem-loops generally is longer than that of animal stem-loops. DCL1
(DICER-LIKE1) has“the functions of Drosha and Dicer. The miRNA/miRNA*
duplex is produced through DCL1 interacting with HYL1 (HYPONASTIC LEVAES1)
to cleave the miRNA precursor in nucleus [95-98]. The mature miRNA is
methylated by HEN1 (HEN1 is.also in nucleus) [94]. Methylation protects small
RNAs from degradation.and polyuridylation. Exporting miRNA duplexs or mature
miRNAs to the cytoplasm is completed by HASTY [99] (the-function is similar
with Exportin-5) (Figure S5).

Like animals, plant miRNAs require Argonaute protein for forming
RNA-induced silencing complex (RISC) [100]. However, the degree of
complementarity between miRNAs and their targets is different in plants. Unlike
animals, nearly perfect complementarity between miRNAs and their targets is
required in plants [100-103]. Most plants miRNAs only have four or less
mismatches with their targets. These mismatches usually locate in the 3’ region
of miRNAs [104]. The degree of complemnetarity in the region of miRNA/mRNA

duplex at position 3-11 affects the efficiency of cleavage in mRNAs [105]. The
12



affection of miRNAs and their targets is also different between animals and
plants. In animals, most miRNAs guide translational repression of their target
genes. In plants, most miRNAs lead to mRNA cleavage by targeting the coding
region of mRNAs. The previous studies demonstrated that about two-thirds of
plant miRNAs regulate the expression of transcription factors during plant
development. In"additional to their great affection in development [106-107],
they also play important roles in plant responses to biotic.and abiotic stresses
and nutrient homeostasis [106, 108-112].

The biogenesis of tasiRNAs

Trans-acting siRNAs(tasiRNAs) which has similar function to miRNAs
down-regulate the expression of genes are 21 nt regulatory siRNAs. TasiRNAs are
generated from specific miRNAs cutting TAS primary RNAs process. TAS genes
transcribe long primary RNAs which do not generate protein products. Its’
function is serving as the precursors of the tasiRNA. In processing tasiRNAs,
miRNAs guide the cleavage of tasiRNA primary transcripts which are converted
into the structure of dsRNA by SGS3 and RDR6 binding to one of the two
single-stranded TAS cleavage sequences. Then, DCL4 (DICER-LIKE4) with DRB4
cuts the dsRNAs and produces 21 nt tasiRNA-mRNA duplexes (Figure S6)
[113-115]. Like miRNAs, tasiRNAs are methylated by HEN1 for avoiding
degradation and polyuridylation. Different tasiRNA families regulate the gene
expression by forming RISC with different AGO family protein (Figure S4). AGO1
involves with TAS2 tasiRNAs and AGO7 involves with TAS3 tasiRNAs. The high
degree of complementarity between tasiRNAs and mRNA is needed to guide
mRNA cleavage. The different members of same gene family are targeted by

either miRNAs or tasiRNAs. For example, miR161 or TAS2 tasiRNA target the
13



members of PPR family and miR160, miRN167 or TAS3 tasiRNA target the
members of ARF family, respectively. According to previous studies report,
tasiRNAs are found only in plants [116].

The biogenesis of nat-siRNAs

Natural antisense transcript' siRNAs (nat-siRNAs), 24 or 21 nt siRNAs, are
generated from natural antisense transcripts (NATs). NATs are formed by two
coding or non-coding RNAs that have complementary regions. There are two
classes of NATSs, cis-NATs and trans-NATs [50, 117-125]. The transcripts in the
same genomic locus but in different strands form cis-NATs. For example, the
genomic locus of SRO5 is-at'chr5: 25097998-2509997 [+]. The genomic locus of
P5CDH is at chr5: 25099003-25103298 [-]. The overlapping region is at chr5:
25099003-2509997. The cis-NATs can be categorized into three groups,
convergent (overlapping in the 3’ ends of two transcripts), divergent
(overlapping in the 5’ end of two transcripts) and enclosed (one transcript can
completely overlap ‘another transcript) according to the conditions 'of
overlapping. Trans-NATs: are formed by the overlapping regions ‘of ‘two
transcripts from different genomic locus.

The 24 nt nat-siRNAs are derived from the complementary region by the
interaction of DCLZ (DICER-LIKEZ), NRPD1a, RDR6.and SGS3. These 24 nt
nat-siRNAs guides the cleavage of the constitutive transcript and establishes a
phase for the sequential production of 21 nt nat-siRNAs by DCL1 (Figure 7).
Unlike tasiRNAs, the function of nat-siRNAs is not for targeting other mRNAs. It
can lead to post-transcriptional gene silencing by hybridizing to the cis-strand of
mRNA. The member of AGO family involves in this mechanism does not be

understood clearly. The well known example is SRO5 and P5CDH in Arabidopsis.
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SRO5 and P5CDH have the function of regulating salt tolerance [126]. SRO5 and
P5CDH have the overlapping region in their 3’end of transcripts. P5CDH is
expressed constitutively. When SRO5 is induced in response to salt stress, the 24
nt nat-siRNAs are derived from the overlapping region of these two transcripts
by DCL2, RDR6 and SGS3.interaction. These siRNAs direct the cleavage of PSCDH
transcripts (Figure S7). Meanwhile, the dsRNAs are formed by RDR6, SGS3 and
SDE4. 21'nt nat-siRNAs are produced from the cleavage of dsRNAs by DCL1. Then,
thesmRNA of P5CDH are degraded through these 21 nt nat-siRNAs targeting
P5CDH.

The biogenesisof trans- nat-siRNAs does not be wunderstood clearly.
However, previous. studies suggests that trans- NAT-siRNAs are involved in
alternative splicing, post-transcriptional gene silencing [127-129]. There are
some studies using the computational methods to screen whole Arabidopsis
transcripts to find trans-NATSs.

The biogenesis of hc-siRNAs

Heterochromatic siRNAs (hc-siRNAs), 24 nt siRNAs, are produced from
transposable or repetitive elements [130-132]. Single strand non-coding
transcripts are transcribed from heterochromatic locs by Pol IV and CLASSY1
(Figure §8). - RDR2 involves in the formation of dsRNAs through using
transcripts as templates. Then, the dSRNAs are processed into 24 nt siRNAs by
DCL3. Methylation by HEN1 joins the process for protecting degradation and
polyuridylation. The siRNAs are loaded into AGO4-RISC complex. DNA
methylation and heterochomatic histone modifications are affected by Pol V and
AGO4 interaction and the interaction in DRD1 (potential chromatin remodeling

protein), DMS3 (structural maintenance of chromosomes hinge-domian protien)
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and Pol V [133-137]. In Arabidopsis, the siRNAs derived from a transposable
element inserting in the intron of FLC (FLOWERING LOCUS C) genes lead to the
reduction of FLC and early flower. FWA gene is silenced through the siRNAs,

generated from two tandem repeats in the promoter region of FWA, triggering

DNA methylation. The siRNAs derived e tandem repeats in the promoter
region of SDC, a e ecn g the F-box pro i ed SDC by triggering

DNA methylatic
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2.4 Regulation role of small RNA

The regulation role of miRNA in animals

The miRNAs regulate the gene expression by targeting the 3’-UTR of mRNAs,
resulting in degradation of mRNAs and repression of translation. miRNAs are
reported strongly associated with various pathways such as cancer pathway and
cholesterol metabolic pathway.

The well-known example in cancer pathway is that miRNA<34 (miR-34)
family, miR-34 a, b and c, is down-regulated in various cancers. Figure S9
demonstrates the regulation role of miR-34 family in cancer pathway [138]. p53
is the key factor which regulate the abundance of miR-34"in cancer pathway.
miR-34 family targetsthe set of mRNAs which support tumor formation such as
E2F3, Bcl2, Notch, HMGA2, CDK4, CDK6 and Cyclin E2. E2F3 is an important
transcription factor which initiated the production of proteins that affect
cell-cycle checkpoint, DNA repair and replication. miR-34 family inhibits cell
proliferation and activates cell death pathways by down-regulating the
expression of E2F3. Bcl2 which usually over-expressed fin-cancer cells is the
important gene in tumor formation. It protects tumor cells processed into
apoptosis pathway. Reduction of Bcl2 expression level by miR-34 family
targeting induces the apoptosis of cancer cells. The other miR-34 target genes
such as Notch, HMGA2, CDK4, CDK6 and Cyclin E2 are involved self-renewal and
survival of cancer stem cells. Therefore, the miR-34 family can inhibit tumor
formation. According to the function of these miR-34 target genes, miR-34 family

is a tumor suppressor in cancer pathway.
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Recent studies reported miRNAs involve in cholesterol metabolic pathway.
miR-33 a and b are the intragenic miRNAs [139-141]. Their host genes are
SREBP (sterol regulatory element-binding protein) family. SREBP family is the
transcription factor which is the key protein in cholesterol biosynthesis. miR-33
is co-expressed with its-host gene (SREBP) and targets ABCA1 (adenosine
triphosphate-binding cassette transporter Al). ABCA1 is the important regulator
in HDL (high-density lipoprotein) synthesis and reversing cholesterol transport.
Figure S10 demonstrates the regulation role of miR-33 in cholesterol metabolic
pathway. Cholesterol accumulation induces the expression of ABCA1 and inhibits
the expression of SREBP-ABCA1 medicates cholesterol efflux to apolipoprotein
Al (apoA-1) and HDL. The expression of ABCA1 is down-regulated by miR-33.
Therefore, the role of miR-33 in cholesterol metabolic pathway is regulating the
expression level of HDL with SREBP (the host gene of miR-33) by targeting
ABCA1.

The regulation role of small RNAs in plants

In plants, many genes silencing are through.small RNA such as miRNAs and
siRNAs. miRNAs regulate the expression level of genes by targeting the coding
region of the mRNA. siRNAs regulate the gene expression through multiple ways
such as directly targeting the coding region of mRNA or transcriptional gene
silencing by triggering DNA methylation and histone modifications. Table S1 lists
the reported miRNAs which are involved in root development in Arabidopsis and
Rice [142].

The miRNAs involve in auxin signing pathway are miR160, miR164, miR167,
miR390 and miR393. miR160 targets ARF10, ARF16 and ARF17. The function of

ARF10 and ARF16 is for root cap development. Overexpressing miR160 causes
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serious root cap defect in rice (the targeting relationships do not be validated
yet). The function of ARF17 is reducing primary root length and decreasing root
branching in Arabidopsis. miR164 is the key regulator in lateral root development.
miR164 targets NAC1 which transduces auxin signal for the emergence of lateral
root. So, miR164 down-regulates auxin signal in:lateral root development.
miR167 targets ARF6 and ARF8 which are positive regulator of shoot-borne root
emergence. miR390 regulate the expression of ARFZ, ARF3 and ARF4 which
involve in auxin signaling pathway by indirect targeting. miR390 target TAS3
which is‘the non-coding transcript and produce tasiRNAs. These tasiRNAs
direct’ target ARF2; ARF3+~and ARF4. miR390 regulates the auxin signal
concentration and lateral root development by TAS3-ARF2/ARF3/ARF4 pathway.
miR393 targets TIR1 (transport inhibitor response 1), AFB2 (auxin signaling
F-Box proteins 2) and AFB3. So, miR393 regulates auxin signaling. Moreover,
NAC1, the target gene of miR164, is the downstream of TIR1. NAC1 transduce
auxin signal to/promote lateral root development. Therefore, miR164 and
miR393 may participate together in lateral root development.

Vegetative and reproductive processes of plant root require mineral
elements in soil such as macronutrients, micronutrients and heavy metals.
Several miRNA families involve in nutrition response ormetabolism which affect
plant growth. The first miRNA family is miR395 which is the key regulatore in
sulphate metabolism by targeting SULRT2;1 (low-affinity sulphate transporter),
APS1 and APS2 (ATP sulphurylases). The second miRNA family is miR398 which
affects copperand zinc homeostasis by targeting CSD1 and CSD2. CSD1 and CSD2
are copper/zinc superoxide dismutase genes. Heavy metals such as copper and

zinc are required for root growth. Therefore, miRNA398 has great influence in
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plant root development and growth behavior of plants. The final miRNA family is
miR399. miR399 involves in phosphate starvation response in Arabidopsis. The
concentration of phosphate is one of important factor in root system architecture
and growth habit. miR399 regulates phosphate homeostasis by targeting PHOZ2.
External abiotic stress such as drought affects plant root growth. miR169 is
induced by drought stress in Rice. But the target genes of miR169 are not
identified.

miRNAs in plants also involve in other pathway excluding root development
[133]. For example, miR156 targets over 50% members of SPL family. SPL-3, 4
and 5 promote the change of vegetative phase and floral transition. The length of
plastochron is regulated.by SPL9 and SPL15. miR172 targets AP2 (APETALAZ)
which regulates floral transitions. miR159 targets MYB33, MYB65 and MYB101.
These MYB genes induce Gibberellin-responsive (GA) genes in the aleurone layer.
Floral pattering and leaf morhpgenesis are regulated through miR164 targeting
CUC1 (CUPSHAPED "COTYLDON1) and CUC2 (CUPSHAPED COTYLDONZ2).
miR165/166 targets RHB and REV which promote abaxial identity of lateral
organs in both Arabidopsis and maize. miR319 targets several TCP genes (a large
family of proteins containing “TCP domain”). TCP genes regulate cell divisons

during leaf morphogenesis.

20



2.5 Application of NGS in small RNA

Small RNAs play an important role in regulating the expression level of gene. In
the last few years, high-throughput and robust approaches for monitoring the
expression of miRNAs have been used to understand how miRNAs are
differentially expressed’ under ' various conditions. . The oligonucleotide
microarray is. one method for detecting miRNA expression. This approach
involves the design of probes based on known miRNAs that are collected in
miRBase for' miRNA expression' profiling studies. However, the approach is
restricted to detecting the expression of known miRNAs. Next-generation
sequencing technology is an inexpensive -and high-throughput sequencing
method. This new method isa promising tool with high sensitivity and specificity
and can be used to measure the abundance of small-RNA sequences in a sample.
Hence, the expression profiling of miRNAs can-involve use of sequencing rather
than an oligonucleotide array.  Additionally, this method can be adopted to
discover novel miRNAs. There are over 60 published researches which applied
NGS to their small RNA studies in animals, plants and bacterial (Table 1). In the
latest version of miRBase [143], a database collecting 17341 mature miRNAs,
there are 8117 mature miRNAs which are identified by NGS. NGS is a powerful
method for profiling miRNAs expression and discovery novel mRNAs (near 50%

miRNAs are found by NGS).
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3. Related works

3.1 The repositories of miRNAs

miRBase

miRBase (http://www.mirbase.org/ ) is 'the (first database which collects
published miRNA sequences [143]. It contains 15172 miRNA precursors which
express 17341 mature miRNAs in 142 species (miRBase 16.0). miRBase offers
the comprehensive information for each miRNA such as the chromosome
location, the predicted target genes and the expression level detected by
next-generation sequencing technology. Users can also check their own
sequences with whole miRNAs in miRBase. Moreover, miRBase offers users to

download all data in the database for user-defined analysis by themselves.
3.2 miRNA target site prediction tools

TargetScan/TargetScans

TargetScan [144] is the first developed miRNA target site prediction tool based
on the concept of seed matches. The definition of seed matches is that seven
continuous perfect complementarity in the miRNA /mRNA duplex in the 2-8
positions of the miRNA. A:U, C:G and G:U pairs are. considered as
complementarity. TargetScan scans the 3’'UTR of mRNAs. For each predicted
target site, the free energy of the duplex is assigned. TargetScans is the
improvement version of TargeScan. TargetScans scans a set of orthologous 3'UTR
of mRNA in a group of organisms. In TargetScans, seed matches are classified into
3 main types. The first is 6-nt seed match (6mer). The second is 7-nt matches to
seed region (7mer-m8 and 7mer-A1l). The third is 8-nt matches to seed region

(8mer). The improvement of TargetScans offers users to obtain more confident
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miRNA target lists.

miRanda

miRanda [145] is the open-source software for miRNA target sites prediction.
The target prediction pipeline of miRanda contain three steps. In the first step,
the miRNA/mRNA duplex-is identified in the 3’'UTR region of mRNA. G:U pairs
and indels between the duplex are allowed. In  the second step, the
thermodynamic stability of the miRNA/mRNA duplex is computed. The third step
is filtering the predicted target site by the cross-species conservation of target
sites. In mammalian, the target sites of human, mouse and rat are used (target
conservation>=90%).~In~fish, zebra fish and fugu .are used ' (target
conservation>=70%)..miRanda offers users to define the cut-off value for some
parameters such as score threshold, energy threshold and the penalty of indels.
PicTar

PicTar [146] is designed to identify common targets of miRNAs. The set of
coexpressed miRNAs are used for finding the target locations in the multiple
alignments of 3" UTR of mRNAs. PicTar first searches perfect seed which is
defined as 7-nt continuous matches starting at position 1 or 2 from the 5’ end of
miRNAs. Then, predicted target sites are filtered according to the MFE (minimum
free energy) of the miRNA target duplex and whether these sites locate into
overlapping regions in aligned orthologous sequences. Remained target sites are
called as anchors. HMM maximum likelihood score ‘are used for ranking the
user-defined minimum number of anchors. The score is calculated by
considering all segmentations of the target sequence into target sites and
background, thus accounting for the synergistic effect of multiple targeting sites

for a single miRNA or varius miRNAs co-regulatinh the same mRNA.
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PITA

PITA [147] is the first prediction tool which implements the target site
accessibility into identifying the target sites of miRNAs. This concept is observing
the difference between the energy of miRNA/mRNA duplex and the energy of
unfolded the secondary structure of target region. The energy of miRNA-target
duplex and target region are calculated by Vienna RNA packages. The gained
energy from miRNA-target duplex is computed by RNAduplex. The folding energy
of the target region is computed by RNAfold. The seed match in PITA is defined as
beginning from the second position of 5 end of miRNA with 6-8 continuous
perfect matches excluding G:U pair. One wobble pairing (G:U pair) is allowed if
the length of continuous matches is equal or larger than 7 nt.

RNAhybrid

RNAhybrid [148] is the miRNA target sites prediction tool which does not use the
concept of seed match. It identifies all possible MFE in miRNA/mRNA duplexes
by using the dynamic programming technique. The length of bulge and internal
loops of the miRNA-target duplex are set to.be smaller than 15 nt. The most
important features of RNAhybrid is that several statistical issues are done such as
the length normalization of binding energy, the significance of individual target
prediction and modeling multiple binding sites by Poisson approximation.
RNAhybrid is available for download and as-a Web tool on the Bielefeld

Bioinformatics Server (http://bibiserv.techfak.uni-bielefeld.de /rnahybrid/).
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3.3 Tool and web servers for analyzing NGS small RNA

sequencing data

miRDeep

miRDeep [8] is the first stand-alone package which is designed to identify novel
miRNAs from sequencing data generated by next-generation sequencing
technology. miRDeep first aligns the sequencing reads with reference genomes.
Then, the reads which have multiple genomic loci or mapped to rRNA; tRNAs,
scRNA; snRNA and snoRNA are removed. Remained reads are used for finding
potential miRNA precursors. Probabilistic scoring systems are applied to each
potential precursor. miRDeep can be downloaded

at http://www.mdc-berlinde /rajewsky/miRDeep and be executed on the

standard Linux machine.

deepBase

deepBase [149] is a database which collected 185 NGS small RNA sequencing
data in seven organisms (Homo sapiens, Mus musculus, Gallus gallus, Ciona
intestinallis, Drosophila melanogaster, Caenhorhabditis elegans and Arabidopsis
thaliana). The type: of small RNAs which were annotated are nasRNA
(ncRNA-associated. small RNA), pasRNA (promoter-associated small RNA),
easRNA (exon-associated RNA), rasRNA (repeat-associated), miRNA and snoRNA.
deepBase also provided the interactive web interface

(http://deepbase.sysu.edu.cn) for researchers quickly viewing the annotated

small RNA sequencing data.
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Geoseq

Geoseq [150] (http://geoseg.mssm.edu ) collects deep-sequencing data from

various public repositories like GEO (Gene Expression Omnibus) and SRA
(Sequence Read Archive) from NCBI and preprocessed these data. The method of
Geoseq for dealing with the sequencing data is different with previous studies. It
maps the reference sequence against sequencing data instead of mapping them
to reference genomes or sequences. Researchers can analyze their own
sequencing data against the processing data in Geoseq for identifying differential
isoform expression in mRNA-seq datasets and identifying known and novel
miRNAs in miRNA datasets.

miRanalyzer

miRanalyzer [11] (http://web.bioinformatics.cicbiogune.es/microRNA/ ) is the

first web server tool for analyzing the next-generation sequencing data in small
RNAs. Before uploading the sequencing data, the researchers need to merge the
same reads to a unique one and counting their copy numbers (expression level).
After running the datasets at miRanalyzer web server, researchers can obtain the
analyzed results such as the expression level of all known miRNAs in miRBase,
predicted novel miRNA lists and all sequencing reads which can be mapped to
transcribed sequences (mRNA, ncRNA and rasiRNA). miRanalyzer also provides
the target gene lists for all detected miRNAs by using two miRNA target site

prediction tools (miRanda and TargetScan).
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SeqBuster

SeqBuster [12] (http://estivill lav.crg.es/segbuster) is the web-based toolkit to

deal with and analyze high-throughput sequencing small RNA datasets. It also
offers the stand-alone version to overcome the storage capacity limitations of the
web-based tool. It provides raw data preprocessing, miRNA profiling, the analysis
of miRNAs variability (IsomiRs), differentially expressed miRNAs discovery and
miRNA target sites prediction. For differentially expressed miRNAs discovery, the

equation for normalizing the expression level is n = (freq n/sum [freq all segs]) x

scale-value. SeqBuster is the first tool offering the analysis of IsomiRs. For each
detected miRNA, it provides the analysis results in 5’ end and 3’end trimming, 5’
end and 3’end addingand nt-substitution.

mirTools

mirTools [14] (http://centre.bioinformatics.zj.cn/mirtools/ ) is the web server

which allow researchers to do_comprehensive analysis through uploading their
high-throughput' sequencing small RNA data. In mirTools, researchers can
process their raw sequencing data, explore<the length distribution of reads,
classify reads into different categories such as known miRNAs, snoRNA, rasiRNA
and coding sequences, identify novel miRNAs, discovery differentially expressed
miRNAs between different samples and predict the target genes of miRNAs by
using miRanda and RNAhybrid. mirTools also-provide the function analysis of
miRNA target genes by investigating them in Gene Onotology terms and

pathways.
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DSAP

DSAP [13] (http://dsap.cgu.edu.tw ) is the web server which is designed for

analyzing small RNA datasets produced by next-generation sequencing
technology. Researchers need to prepare their datasets as a tab-delimited format
which contains the unique reads and their expression level. The system flow of
DSAP is different with other web tools for analyzing small RNA sequencing data.
Other web tools align reads with reference genomes first. Then, they.compare the
chromosome location of reads with known miRNA or ncRNA location. DSAP
directly align reads with miRNA precursors from miRBase and ncRNAs from
Rfam. After mapping reads; the information of cross-species distribution of
detected miRNAs .is..provided. = DSAP also provides two or three sample
comparison.

miRExpress

miRExpress [9] is the first stand-alone package which is designed for monitoring
the miRNA expression and identifying novel miRNAs in small RNA datasets
generated by next-generation sequencing technology. miRExpress combine the
known miRNAs from miRBase (users do not handle the miRNAs information by
themselves). Researchers can use miRExpress to preprocess  their raw
sequencing data, observe the length distribution of proceeded reads, monitor
miRNA expression through user defined parameters, identify novel miRNA by
cross-species miRNAs comparing. miRExpress also provides the alignments
between detected miRNAs and reads. Users can find nucleotide modification
from this report. miRExprees can be downloaded

at http://mirexpress.mbc.nctu.edu.tw/ and be executed on x86 Linux 32 or 64

bit system.
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miRNAkey
miRNAkey [10] is a package designed to analyze high-throughput sequencing
miRNA data. The system flow of miRNAkey contains serval steps. First is

trimming 3’ adaptor sequence from 3’ end of the reads. Second is mapping the

reads to known miRNAs. ] ti expression level of mapped

miRNAs and co ting the e mm’-‘n PKM expression
index (re [ K ase prer million mapped read ourth is identifying
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3.4 miRNA target interaction databases and tools

MAGIA

MAGIA [151] (http://gencomp.bio.unipd.it/magia ) is the web-based tool which
provides miRNA and gene integrated analysis. Users can start their searching by
selecting the organism, the Entrez Gene, Refseq and ENSEMBL gene ID and
setting the parameters of three miRNA target site prediction tools (miRanda,
TargetScan and PITA). Then, users need to upload the expression profile of
mRNAs and miRNAs. Different or the same biological samples are allowed. Then,
MAGIA run analysis by systematically combining predicted miRNA target genes
and the expression profile of miRNA and mRNA. Pearson and Spearman
correlations, mutual information, variational Bayesian-model and meta-analysis
are used for the measure of miRNA-target interactions. The reports of MAGIA
provide the bipartite regulatory network which gives the straightforward view of
miRNA-target interactions. The useful links in the network are also offered such
as miRNA-disease information from miR2Disease, gene expression level in Atlas
databases and the text-mining searching link to PubFocus'and EbiMed (miRNAs
and genes as keywords).

miRGator

miRGator [152] (http://miRGator.kobic.re.kr ) is an integrated repository which

collects the information of miRNAs, miRNA-associated gene expression,
predicted miRNA target sites, miRNA-disease information and genomic
annotation in human. The expression profiles of gene in miRGator have two types.
One is miRNA knockout. Another is miRNA overexpressed. For miRNA target
sites, both known (validated) and predicted miRNA-target interactions are

collected. The relationships between miRNAs and disease are obtained from
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literature. miRGator integrates these collected data and creates various specific
relationship such as differentially expressed miRNAs against differentially
expressed miRNA target genes and differentially expressed miRNAs against
disease-associated miRNAs. miRGator uses the network representation to give
the results of different relationships. Moreover, the gene (differentially expressed
or miRNA target) annotations are also provided through the information gene
ontology(GO) and pathways (KEGG).

TarBase

TarBase [153] (http://www.diana.pcbi.upenn.edu/ ) is the first database which

collects experimentalvalidated miRNA targets. TarBase collects the sets of
positive and negative. miRNA targets in human, mouse, fruit fly, worm and
zebrafish. Positive and negative miRNA targets are judged by detecting the
sufficiency of the target site to induce translational repression or cleavage.
TarBase also provides the functional links to several databases such as Gene
Ontology (GO) and UCSC Genome Browser.

miRecords

miRecords [154] (http://miRecords.umn.edu/miRecords ) is an integrated
database for miRNA-target interactions. miRecords collects 1135 experimental
verified miRNA-target interactions between 301 miRNAs and 902 target genes in
seven animal species. miRecords also predicted miRNA targets which are
produced by using 11 developed miRNA target site prediction software. At the
website of miRecords, user can find the miRNA-target interactions by the miRNA
name, the RefSeq accession, the Entrez Gene ID or the gene name of target gene

searching.
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miR2Disease

miR2Disease [155] (http://www.miR2Disease.org ) is the resource for the

relationship between miRNA target genes and human disease. miR2Disease
collects 1939 relationships between 299 human miRNAs and 94 human diseases.
Users can search the relationship of miRNA s and diseases by the miRNA ID, the
disease name_and the gene name through the web interface of miR2Disease.
Moreover, the submission page is provided for researchers submitting the
miRNA-disease relationship which is not found in miR2Disease.

miRTarBase

miRTarBase [156] (http://mirtarbase.mbc.nctu.edu.tw/ ) is the repository which

collects 3576 experimental validated MTIs (miRNA-target interactions) between
657 miRNAs and 2297 target genes in 17 species. There are several experimental
protocols which can give strong or weak evidence for MTIs. Strong experiment
evidence contains Luciferase reporter assay, qPCR (quantitative polymerase
chain reaction) and western blet. Weak evidence contains pSILAC and cDNA
microarray. pSILAC is designed to high-throughput screening the expression level
of proteins when the miRNA is expressed or not. cDNA microarrayis used for
detect the mRNA expression when the miRNA is present or not. miRTarBase also
provides the functional analysis of these verified miRNA target genes by doing
Gene Ontology (GO) and pathway (KEGG) enrichment annotations.

starBase

starBase [157] (http://stabase.sysu.edu.cn/ ) is a database which contains

miRNA-mRNA interaction from Argonaute CLIP-Seq and Degradome-seq data.
Argonaute CLIP-seq and degradome sequencing (Degradome-seq) which are

high-throughput technologies are applied to identify the interaction sites
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between miRNAs and mRNAs in animals and plants, respectively. 21 CLIP-seq
and 10 Degradome-Seq experiments from six organisms are used to identify 1
million Ago-binding clusters in animals and 2 million cleaved target clusters in

plants. In animals, TargetScan, PicTar, miRanda, PITA and RNA22 are applied to

identify the target sites in

miRNA-mRNA i nr-:"“m-wam o - 0 As and 26296
genes. In pla : mate 6600 miRNA-target regu e ships in

detected Ago-bindi lusters. Approximate 400000

). starBase a

in defined sequer
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3.5 Transcriptional regulation related database and tools

miRStart

miRStart (http://mirstart.mbc.nctu.edu.tw/ ) is the repository of human miRNA

TSSs (transcription start sites). Three published experimental evidences are used
for identifying TSSs of miRNAs. The first is Cap-analysis gene expression (CAGE)
tags [158]. Cap-analysis gene expression (CAGE) tags are ~20/nts sequences
derived from -the 5" terminal of cDNA. CAGE tags can be generated using
biotinylated cap-trapper with specific linker sequence to ensure the sequence
after 5’ cap of cDNA was reserved. The CAGE tags contain the first base of 5’
terminal sequence, that is, the transcription start site of RNA polymerase I
transcripts. The second is"ChIP-Seq of histone methylation {159]. ChIP-Seq, a
massive parallel signature sequencing technique, offers a high-resolution
profiling of histone methylations in the human genome. For example, H3K36me3
and H3K20mel are associated with actively transcribed regions and support
powerful evidence for TSS identification. The third is illumina Solexa tags from
DBTSS [160]. Illumina Solexa tags were derived using a new-generation and
high-throughput sequencing technology, which DNA templates are immobilized
on a special surface fluorescently labeled nucleotides with specific enzyme. The
genomic position of Solexa tags in the DBTSS could be directly mapped to the
upstream flanking region of intergenic miRNA precursors to support evidence for
the detection of miRNA TSSs. The SVM (Support Vector Machine) model is used
for incorporating three evidences to identify high-confidence TSSs of miRNAs.

Moreover, ESTs (Express short tags) are also provided for reconfirmation.
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TRANSFAC

TRANSFAC [161] is a database which collects transcription factors and their
binding sites in various organisms. TRANSFAC collects the sequences of TFBS
(transcription factor binding site) for each transcription factor (TF). Then, for
each TF the binding profiles called as PWMs (Position Weight Matrix) are
generated. For each PWM; the consensus sequence is generated based on IUPAC
code. The definition of the consensus sequence is that in the possible type of
nucleotides at each position. For example, the consensus is “TACNAYACTTG” from
5’end to 3’end. The nucleotide at position 5 is A (not T, G or C). The nucleotide ate
position 6 is C or T*(not‘A"or T). The external database annotations of TFs are
also provided such as Genbank, EMBL, SWISSPORT and PIR. Users can use the
binding profiles to scan whether TFBSs locate in the promoter sequences.
TRANFAC is only for economical using now.

JASPAR

JASPAR [162] (http://jaspargenereg.net) is the open-access database which

collects 457 non-redundant matrix profiles. These profiles represent' the
DNA-binding sequences of transcription factors and other protein-DNA
interacting patterns. These profiles are generated by extracting from Chip-seq
and Chip-chip experiments. Chip-seq and Chip-chip offers high-throughput and
whole genome screening protein-DNA interacting sites. JASPAR also collects 840
profiles which are found by literature searching and other databases such as PBM,
PBM_HOMEO and PBM_HLH. Users can download the binding profiles for
checking the relationships between TFs and their interested sequences (the
promoter of the gene). Users also can use the web interface to easily reach this

aim. JASPAR also provides the standardized system for the classification of TFs
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and grouping into families based on the similarity of binding profiles. User can
find easily the relationships in different TFs by this system.

MATCH

MATCH [163] is a tool which is designed for searching putative transcription
factor binding sites in DNA-sequences. MATCH constructed the scoring
system and threshold profiles for each transcription factor binding profiles
(PWMs). For the scoring system, the matrix similarity score (MSS) and the core
similarity score (CSS) are used for measuring the degree of similarity between
the DNA sequences and the matrix. The range of MSS and CSS is 0.0 to 1.0..The
definition of the core of the matrix is the first five most conserved continuous
positions in the matrix.. For the threshold profile, the different cut-off values of
two scores are set for each matrix. Three threshold profiles are supported for
different purposes. They are for minimizing false positive (over-prediction error),
minimizing false negative e (under-prediction error) and minimizing the sum of
both errors. MATCH also-offers users to transform their own binding sequences
into the PWM and construct the default threshold profile. The public version of
MATCH can be free downloaded

at http://www.gene-regulation.com/pub/programs.
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3.6 Other related resources

Gene Ontology

Gene Ontology (http://www.geneontology.org/ ) is the repository for the

annotation of gene products properties. Gene Ontology (GO) contains three
major domains. The first is celluar component (cc) which represents the part of a
cell or gene’s extracellular environment. The second is molecular function (mf)
which means the elemental activities of the gene product at the molecular level.
The third is biological process (bp) which represents the operations or sets of
molecular events with a defined beginning and end, pertinent to the functioning
of integrated living units (cells, tissues, organs and organisms). The tree
structure is used to'define the scope of each GO term. The node at top of the tree
is more global and contains more involved genes. The node at bottom of the tree
is more specific and contains fewer involved genes. For example, cell cycle is
more global and regulation of meiotic cell cycle is more specific. The description
of each GO term and the the tree structure of GO terms can be freely downloaded
at the website. The GO annotated gene sets in various species-are also available.
KEGG

KEGG {15] (Kyoto Encyclopedia of Genes and Genomes) is the bioinformatics
repository including molecular interaction networks (pathways and complexes),
the information of genes and proteins, chemical compounds and chemical
reactions in various organisms. There are over 6000 drawn pathways in KEGG.
The pathway is the protein interaction network which contains three types of
interactions such as enzyme-enzyme reaction, direct protein-protein interaction
and transcription factors with their target genes. The pathways are categorized

into seven classes such as metabolism, genetic information processing,
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environmental information processing, cellular processes, organismal systems,
human disease and drug development. Users can easily find the roles of their
interested genes by observing the function of the pathways which these genes

involve. KEGG (http://www.genome.jp/kegg/ ) also offers users to download the

data.

Vienna RNA Package

Vienna RNA package is the free and stand-alone software for RNA secondary
structure prediction and comparison. Vienna RNA package can offer users to: 1.
predict minimum energy RNA secondary structures; 2. compare RNA secondary
structures; 3. predicthybrid structure of two structures and possible
hybridization sites;. 4. predict the consensus RNA secondary structure from
several aligned sequences; 5. draw RNA secondary structures; 6. predict the
RNA-RNA interaction sites by using accessibilites. Users can also/use these

function at Vienna RNA WebServers (http://rna.tbi.univie.ac.at/ ).

Rfam

Rfam [164] (http://rfam.sangerac.uk/ ) is the repository.which collects 1446

RNA families. RNA families contain three function classes such non-coding RNAs,
structured cis-regulatory elements and self-splicing RNAs. Rfam offers users to
browse the multiple sequence alignments, consensus RNA secondary structures
and covariance models (CMs) for each RNA family. Users can also search RNA
families by keywords, their interested sequence sets, taxonomy ID and the

classes of miRNAs (snRNA, miRNA, cis-regulatory elements...etc).
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RNALogo

RNALogo [165] (http://ranlogo.mbc.nctu.edu.tw/ ) is a web-based tool for

generating the graphical representation of RNA consensus secondary structure.

Users can upload their interested sequence sets (aligned or not aligned). Then,

RNALogo gives the reports ic ai ersation of each position by
different font size and ' he Ve ion i e-pairing. Users

can easi om these
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4. Materials and Methods

4.1 The system flow of profiling small RNA expression

For monitoring the expression of small RNA, there are four steps. First step is
trimming adaptor sequence from sequencing reads. Second step is aligning
trimmed reads with the reference genomes or small RNA database. Third step is
calculating the expression level.of various kinds small RNA. The fourth is
normalizing the expression of small RNA and finding differential expressed small
RNAs.

Trimming adaptor sequence from sequencing reads

In the first step, all identical sequencing reads are merged into a unique read and
counts each unique read. Then, each unique read is checked to determine
whether it contains a full or a partial adaptor sequence at 3’ end. The length of
reads is 36~40 nt (illumia and -ABI SOLiD platforms) and the length of small
RNAs is 18~25 nt. Therefore, the reads have full or partial adaptor sequence at 3’
end (The length of 3" adaptor is 18~22 nt). In checking the full adaptor sequence,
if the adaptor sequence is in the middle or at the beginning of the read, then the
read is removed. If the adaptor sequence is at the end of the read, then the
adaptor sequence is trimmed from the read. In checking the partial adaptor
sequence, the last bases of the 5’ adaptor are used as'a probe to match the first
bases of the reads. The first bases of the 3’ adaptor are used as probes to match
the last bases of the reads. If the sequence identities of the matched regions are

greater than 70%, these regions are eliminated (Figure 4).

40



3’ adaptor sequence
TCGTATGCCGTCTTCTGCTTG

TTTGGATTGAAGGGAGTCGTATGCCGTCTTCTGCT
TCGCTTGGTGCAGATCGGGACTCGTATGCCGTCTT
TTTGGATTGAA AGC ATGCCG T'TCTGC
TGAAGCTGCCZ i C ! C CT
TGACAAC : GCTCG"
TTGAS . ‘ /—* 1‘\:
TGGAGA! :,,f’ CACATGCATCGTATGCCGTC

TTGAAGGGATCGTATGCCGTCTTCTGCTT

GAAGAGAGT

GAAGGGAC
INE!S SAT(

it

=AAS(s(AL

T
TTGAC!

TGGAGAAGCAC

TTTGGATTGAR /
TGACAGAAGA( 7

41



Aligning trimmed reads with the reference genomes or small RNA database
In the second step, each read is aligned with the reference genomes or small RNA
database (no available reference genomes). If the reference genomes are
available, the reads which are perfectly mapped to the genomic sequence are
retained. The reads which-have multiple chromosome location are removed if the
number of location is more than the defined threshold. The threshold is set
according to the maximum chromosome locations of mature miRNAs of each
species (data are extracted from miRBase 16.0). For example, the maximum
chromosome location of Human is 11. The threshold is set as 11. In Arabidopsis, it
is set as 7. For the sequencing data which do not have available reference genome,
the sequencing reads.are aligned with small RNA database such as Rfam and
miRBase. The perfectly mapped reads are retained for further analysis.
Calculating the expression level of various kinds small RNA

In the third step, the expression level of small RNA is calculated by combing the
information of chromosome location of the reads and known small RNAs. Before
monitoring the expression level of small RNA; the reads which are mapped to
rRNAs, tRNAs, snoRNAs‘and snRNAs are removed first. The information of these
non-coding RNAs are from Rfam and NCBI. In animals, the expression of the
miRNA is computed by counting the reads which locate in the region of known
miRNA. The region of miRNA is defined as the flanking three-nucleotide region at
5" and 3’ end of the miRNA. For example, the mature miRNA of hsa-let-7a-1 is
located at chr9: 96938244~96938265 [+]. The region of miRNA is
96938241~96938268. The reads which are located in this region are considered
as the expressed sequence of hsa-let-7a-1 (Figure 5). The three-nucleotide is

defined by pre-analyzing the global NGS data in different species. Table 3 lists the
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number of miRNAs and reads and the GEO accession IDs for analyzing the
shifting bases of miRNAs in various species. After pre-analyzing NGS data,
three-nucleotide shifting for miRNAs can cover more 90% reads in different

organisms (Figure 6).
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Figure 6. The distribution of shifting bases of miRNAs in varius species

In plants, various kind of small RNAs such as tasiRNA, nat-siRNA and
rasiRNA are needed to be profiled excluding the miRNA. For profiling miRNA
expression, the processesare the same with animals. For tasiRNAs, the genomic
locations of tasiRNAs are-obtained from ASRP. (Arabidopsis Small RNA Project)

(http://asrp.cgrb.oregonstate.edu/). The definition of region of tasiRNA is the

same with miRNAs (flanking three-nucleotides). The reads which locate in the
region are summed to present the expression level of tasiRNA. Nat-siRNAs
contain cis- nat-siRNAs and. trans- nat-siRNAs: The cis-natural antisense
transcripts are identified by analyzing the genomic loci of genes from TAIR 9.0

(http://www.arabidopsis.org/ ), thus the length of overlap regions are greater

than 30nts were extracted. The trans-natural antisense transcripts are also
identified by alignment analysis of all gene transcripts, thus the length of overlap

regions, which are with perfect complementarity and greater than 100 nts are
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extracted. The expression level of nat-siRNAs is calculated by counting the reads
which locate in cis- or trans- natural antisense region. In profiling the expression
of rasiRNA, the transposons and repetitive elements are obtained from Repbase

(http://www.girinst.org/). Inverted and tandem repeats are extracted by using

“Inverted Repeats Finder” {166] and “Tandem Repeats Finder” [167] to scan the
whole genome, respectively. The reads locate in the dsRNA regions which are
formed by transposons, repetitive elements, inverted and tandem repeats are

counted as the expression level of rasiRNAs.

Normalizing the expression of small RNA and finding differential expressed
small RNAs

In the fourth step, in order to find differentially expressed small RNAs in different
experiments, normalization is needed to be done first for each experiment. The
quantities of reads which are multiplied one million and divided by adjusted read

counts are called‘as rpm (reads per million).

_ read counts
REY Adjusted read counts"l’ooo’000

"Adjusted read counts" indicates the total amount of mapped reads
subtracted the amount. of reads, which were annotated as rRNAs, tRNAs,
snoRNAs and snRNAs. After normalization, differentially expressed small RNAs
are found if the fold change is more than 1.5 (up-regulated) or less than 0.67

(down-regulated).
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4.2 Novel miRNAs discovery

After profiling known miRNA expressions, there are still some reads which can’t
be mapped to known miRNAs but can be mapped to genomes. To check these
reads whether are the novel miRNAs or not. First, these reads are clustered
according to their chromosome location. The maximum distance between two
reads is 10 nt: Then, if the distance between two.clusters is smaller than 100 nt,
these two clusters are merged to one cluster (These two clusters could be miRNA
and miRNA*): The flanking regions of theseclusters are extracted. In animals, the
flanking length is 100-nt-at-5’ and 3’ end. In plants, the length is set as 200 nt.
Then, these flanking sequences are folded RNA secondary structures by using
RNAfold which identifies stable RNA structures. These RNA secondary structures
are filtered based on the characteristics of miRNA precursors. The structures are
removed if they are not stem-loop structures (the reads must locate in the stem).
The structures are also removed if the ratio of base pairing in the stem region or
the number of unpairing bases is not fitted with thresholds. These thresholds are
different in each organism and constructed by pre-analyzing-the RNA structures
of the known miRNAs from miRBase. Table 4 lists the thresholds for the ratio of
base pairing and the number of unpairing bases in animals and plants. For
example, the thresholds for the ratio of base pairing and for the number of
unpairing bases‘are 0.69 and 6 in-human, respectively. There are 1355 human
miRNAs and 90% miRNAs ‘are fitted with these thresholds. Therefore, the
structures are retained if the ratio of base pairing is greater than 0.69 and the
number of unpairing bases is smaller than 6. Finally, the remaining structures are
drawn as the figures and checked manually whether the secondary structures are

unbranched fold-back (hairpin liked) (Figure 7).
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To find more reliable novel miRNAs, the miRNA candidates are checked with
cross-species conserved region. The concept of cross-species conserved region is
widely used in identifying novel miRNAs. For example, if a known human miRNA

locates in human, mouse and rat conserved region, this region may contain a

miRNA in mouse and rat. The first appear is ide ing novel C. elegans miRNAs

[168]. Afterward l"-"'-‘l"-’-'.’-"'n 0 RNAs in human [169]
and fly [ . ' 9 novel chimp miRN d based on this

dates are
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Table 4. The thresholds of miRNAs and corresponding coverage rates for each

organism

Species  # of miRNAs the ratio of base pairing # of unpairing bases coverage

Animals
hsa 1355 0.69 6 0.90
mmu 1178 0.69 5 0.91
bta 723 0.63 7 0.90
mno 714 5 0.91
ppy 638 . 4 0.90
bmo 610 0 0.90

ptr : 6 0.90

99a ' 0
oan 57 .90

5

.6 6
lgi 64 0.77 3 0.91
ame 63 0.72 3 0.92
age 61 0.73 3 0.93
tca 58 0.76 4 0.91
nvi 51 0.76 3 0.90
lla 50 0.72 3 0.90
sko 45 0.74 5 0.91
spu 45 0.73 5 0.91
dpu 44 0.63 19 0.91
sla 43 0.73 4 0.91
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4.3 miRNA and siRNA target genes prediction

For miRNA target prediction in animals, the degree of complementarity between
seed region, 2~8 of the miRNA, and 3’'UTR of mRNA is the main standard for
judging whether is the miRNA target or not. Several miRNA target prediction
tools such as miRanda, TargetScans, PicTar and RNAhybrid were developed and
widely used. The 3" UTR sequences of mRNA are extracted from GenBank. First,
the miRNA and mRNA duplexes are predicted by using miRanda. For miRanda,
the targets are identified which the MFE (minimum free energy) between the
miRNA and target duplex is smaller than-12 kcal/mol and the miRanda score
exceed 140. As the previous studies, many validated miRNA target sites located
in cross-species conserved regions. Moreover, conserved miRNAs targeted the
same genes. For example, hsa-miR-33a targeted ABCA1 in human and
mmu-miR-33 targeted Abcal in mouse [139-141]. Therefore, TargetScans which
can check the miRNA target sites locate in cross-species conserved regions or not
is used to filter the candidates from miRanda.

For identifying siRNA target genes in plants, the-standard ‘for the
siRNA/target duplex is that it needs to be nearly perfect complementary. And the
siRNA target sites usually locate at the coding region. The whole transcripts are
scanned the complementarity with the siRNAs. The target candidates are filtered
according to the‘'sequence complementarity between a siRNA and its target gene,
thus the siRNA/target duplex with the sequence complementarity greater than
80% are retained. A series of criteria are designed to select more probable siRNA
target genes by modifying the guideline for prediction siRNA targets in plants
derived by a previous work [114]. The scoring system is that mismatched pairs

or bulges are scored as 1 and G:U pairs are scored as 0.5. The modified criteria
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are listed as follows. The core region of siRNA ranges from position 3 to 12. Only
one bugle (gap) locating in siRNA is allowed and the score of gap is changed from
1 to 2. Nucleotide pairs at position 10 and 11 of siRNA/target duplex must be G:C
and A:U pairs. Two continuous mismatch base pairs are allowed. The score of the
two continuous mismatch.region, which does not contain G:U pairs, is multiplied
by 1.5. Three continuous mismatch base pairs are allowed if the mismatch region
contains ‘at least two G:U pairs and the score of the region is multiplied by 1.5.
More than three continuous mismatch base pairs are not allowed. The score of
siRNA/target duplex <=5.5 are selected as potential siRNA targets.

To reduce the false positive rate of target prediction, the gene expression
data of cDNA microarray is used. The function of miRNA is regulating gene
expression through degradation of mRNAs or repression of translation.
Therefore, if the genes are miRNA direct targets, the mRNA expression level of
gene will be down-regulated (degradation of mRNAs) in the cDNA microarray.
The high-confidence miRNA targets are constructed based on the criteria of
selecting miRNA targets listed as follows. The predicted target genes are retained
if the miRNAs are up-regulated and their target genes are down-regulated or the

miRNAs are down-regulated and their target genes are up-regulated.
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4.5 cis-regulatory elements transcriptional regulation analysis

of miRNA

In order to identify cis-regulatory elements of miRNAs, the transcriptional start
sites (TSSs) of miRNA genes need to be identified first. There are two kinds of
miRNAs. One is intragenic miRNA. Another is intergenic miRNA. For most
intragenic miRNAs which are harbored in annotated genes, the regulatory
mechanism is coincided with their host genes. It is implied that intragenic
miRNAs and their host genes share the common TSSs and express simultaneously.
For intergenic miRNAs, the TSSs of miRNA are obtained from miRStart
(http://mirstart.mbenctu.edu.tw/). miRStart  is the database which ' offers
identified TSSs of miRNA in human by combining experimental evidence such as
ChIP-Seq of histone methylation, Cap-analysis gene expression (CAGE) tags and
illumina Solexa tags from DBTSS.

After identifying the TSSs of miRNAs, the promoter sequences of miRNA are
extracted (flanking -3000~+500 according to TSS). For finding transcription
factor binding sites (TFBSs) in the promoter sequences; all available PWMs
(position. weighted matrix) are obtained from TRANSFC and JASPAR which
collected experimental validated TFBSs in various species. The TFBSs are
scanned in the promoter sequences by applying all PWMs to MATCH which is a
searching TFBS tool in DNA sequences (Figure 8).

To reduce the false positive rate of TFBS prediction, the gene expression
data of cDNA microarray is used. If the transcription factors (TFs) can directly
regulate miRNAs, their expression level will change when the expression level of

miRNA change. It is means that the miRNAs are expressed (up or down-regulated)
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and TFs which regulated them are also expressed (up or down-regulated).
According to this rule, the TFs are removed if their expression levels do not be

detected or change. The more reliable TFs can be constructed by this method.
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4.6 Regulation role of miRNA analysis

To find the regulation role of miRNA target genes, the hypergeometric test is
applied to the analysis of GO (Gene ontology) terms and pathways.

Hypergeometric distribution is one kind of discrete probability distribution

which describes the tota es of successes after continuous n draws from the

fixed sets without replea

formula mea
ility) is following:
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sbc.:ib

ene

Onotolog ays enrichment analysi bed in the following

two sections).
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Gene ontology enrichment analysis

In functional analysis of miRNA target genes, the information of GO terms is used.
GO is the collection of biological function descriptions. It contain three parts such
as Molecular function (MF), Biological process (BP) and Cellular compartment

(CC). Each GO term contains the in on of biological function and gene sets

which involve in this -r-vﬂ""’-mn.\ ypergenometric
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Figure 9. The intersection of hypergeomteric test in gene ontology enrichment

analysis

56



Pathway enrichment analysis
To investigate the influence of miRNA target genes in the pathway, the pathway
information are collected from KEGG which is a database containing the

information of biological systems. The hypergeometric test is used to identify

significant pathways which are contai arget genes. The meanings of

the parameters i e number of

genes in 2 mber of

\ /
- Whole ge I pathways (V)

Figure 10. The intersection of hypergeomteric test in pathway enrichment

analysis
If the gene expression data of cDNA microarray is available, the gene lists for

hypergenometric test are differential expressed genes (containing miRNA target
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genes). So, the meanings of the parameters are changed. N is the number of genes
in all pathways. n is the number of differential expressed genes (containing
miRNA target genes). m is the number of genes in the selected pathway. k is the

number of differential expressed genes in the selected pathway. The regulation

role of miRNAs and how they affe c . athways can be more clearly

understood by selecti
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5. Results

Case Study 1

To evaluate the workability of the pipeline of analyzing small non-coding RNA
from NGS, the public domain data is used. 'This data (GEO accession ID:
GSE19833) is downloaded from GEO (Gene Expression Omnibus) which is a
repository collecting array- and sequence-based high-throughput data. This data
contains small RNA data from NGS and gene expressiondata from microarray in
human normal ;and.cancer cells [34]. The normal cell is peripheral blood
mononuclear (PBMC) cell. The cancer cell lines are K562 and HL60.

For monitoring the expression of miRNAs from NGS, 760 expressed miRNAs
are detected in normal and cancer cells. Then, 21 differentially expressed
miRNAs are identified by selecting both up- or down-regulated in two cancer cell
lines (fold change>=1.5 or <=0.67). Table 5 demonstrates these 21 differentially
expressed miRNAs. Among them, only hsa-miR-25 is up-regulated and other 20
miRNAs are down-regulated. In addition to profiling the expression level of
known miRNAs, 16 novel miRNA candidates are identified. Figure 11~18 show
their RNA. secondary structure, chromosome locations and cross-species
conservation. Most of them are highly conserved in the stem (mature miRNAs).
In 16 novel miRNAs, five of them are opposite strand of known miRNAs in the
stem. They are hsa-miR-382 (the second novel miRNA), hsa-miR-1185 (the fifth),
hsa-miR-365 (the sixth), hsa-miR-642 (the tenth) and hsa-miR-539 (the
fifteenth). Some of these five novel miRNAs are annotated in other species such

as mouse, chimp, rat, cow and dog.
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Table 5. The lists of differentially expressed miRNAs in two cancer cell lines

Normalized miRNA expression Fold change
MiRNA name PBMC (Normal) K562 HL60 K562/PBMC  HL60/PBMC
hsa-miR-25 6525.68 10451.74 10090.54 1.60 1.55
hsa-miR-146a 101.70 43.92 13.52 0.43 0.13
hsa-miR-192 350945  2314.58 214.53 0.66 0.06
hsa-miR-24 730.75 198.35 472.27 0.27 0.65
hsa-miR-26b 224534  1171.69 1373.37 0.52 0.61
hsa-miR-148a 566.51 350.42 206.55 0.62 0.36
hsa-miR-22 897.61 249.83 16.84 0.28 0.02
hsa-miR-34c-5p 67.14 29.75 2.22 0.44 0.03
hsa-miR-27a 427.64 103.43 152.70 0.24 0.36
hsa-miR-320d 55.39 20.78 5.98 0.38 0.11
hsa-miR-106b 1339.49 648.42 531.66 0.48 0.40
hsa-miR-1 685.61 12751 41.89 0.19 0.06
hsa-miR-181d 49.61 25.03 20.39 0.50 0.41
hsa-miR-151-3p 506.51 309.33 1.55 0.61 0.00
hsa-miR-21 34362.24 15766.16  4010.42 0.46 0.12
hsa-miR-152 278.81 89.26 27.48 0.32 0.10
hsa-miR-361-3p 57.07 2.36 6.65 0.04 0.12
hsa-miR-26a 2246.33 949.26 568.23 0.42 0.25
hsa-miR-101 15079.35 5703.57 6660.54 0.38 0.44
hsa-miR-16 1763.13 757.04 856.12 0.43 0.49
hsa-miR-27b 403.27 166.71 48.98 0.41 0.12
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miRNA 15 and 16 (case study 1)

In profiling gene expression from microarray, 3078 differentially expressed
genes are identified (fold change >=2 or <=0.5). The criteria are the same with
selecting differentially expressed’ miRNAs. These genes are all up or
down-regulated in two cancer cell lines. Then, this gene profile is used to reduce
false positive rate of predicting TFs which regulate miRNAs and miRNA target
sites predictions.

Table 6 lists the predicted transcription factors which regulate miRNAs. The
trend of fold change of these transcription factors are the same with miRNAs. For
example, hsa-miR-146a is down-regulated in cancer cells. The TF which regulates
hsa-miR-146a is also down-regulated in cancer cells. hsa-miR-25 is up-regulated
in cancer cells. So, the TF which regulates it is also up-regulated. Among these
predicted TFs, NR3C1 id most joint TF which regulates 13 down-regulated
miRNAs (total 20 down-regulated miRNAs).
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Table 6. The predicted lists of transcription factor which regulate miRNAs

MiRNA (fold change)

TF lists (fold change) regulate miRNAs

hsa-miR-146a (0.43)
hsa-miR-21 (0.45)

hsa-miR-101 (0.44)

hsa-miR-361-3p (0.11)

hsa-miR-27a (0.35)
hsa-miR-22(0.27)

hsa-miR-25 (1.54)
hsa-miR-192 (0.65)

hsa-miR-148a (0.61)

hsa-miR-320d (0.37)

hsa-miR-26b (0.61)
hsa-miR-27b (0.41)
hsa-miR-181d (0.50)
hsa-miR-152 (0.32)
hsa-miR-34c-5p (0.44)
hsa-miR-106b (0.48)

hsa-miR-151-3p (0.61)

hsa-miR-24(0.64)

hsa-miR-26a (0.42)

hsa-miR-16 (0.48)

hsa-miR-1 (0.18)

RELA (0.44), MEISI (0.46), GATAS3 (0.07), USF1 (0.35), REL (0.13),
NFKB2 (0.11), JUN (0.19), AHR (0.01), ETS1 (0.01), NR3C1 (0.33)
ZEB1 (0.23), TCF7 (0.07), RUNX3 (0.16), ETS1 (0.01), CEBPB (0.24),
NR3C1 (0.33)

RELA (0.44), GATA3 (0.07), EGR2 (0.30), ZEB1 (0.23), EGR3 (0.20),
TCF7 (0.07), USF1 (0.35), HIF1A (0.12), AHR (0.01), TCF7L2 (0.16),
SP4 (0.43); NR3C1 (0.33), STAT1(0.33)

MAFB (0.10), TFEC (0.12), BCL6 (0.16), TCF7 (0.07), BACH2 (0.09),
MAFF (0.18), ARID5B (0.04), ETSL (0.01), CEBPB (0.24), BACH1
(0.35), MAF (0.49); NR3C1(0:33)

GATA3(0.07), SMAD3 (0.30)

STAT5A (0.14), EGR2 (0.30), GFI1 (0.36), EGR3 (0.20), KLF12 (0.02),
ARID5B (0.04), STAT4 (0.01), PAX5 (0.29), SP4.(0.43), NR3C1 (0.33),
STAT1 (0.33)

BRCAL1 (22.29); WT1 (6:20); TFDPZ (2.10), NFYB (2.19), MYC (6:19)
SMAD? (0.18), BCL6 (0.16), JUND (0.17), FOSL2 (0.03), FOS (0.02),
FOSB (0.09), JUNB (0.08), ARID5B (0.04), JUN (0.19), PAX5 (0.29),
ETS1 (0.01), RORA (0.01), SMADS (0.30)

EGR2 (0.30), EGR3 (0.20), TP53 (0.10), USF1 (0:35), KLF12 (0.02),
HIF1A (0.12), ARID5B (0.04), PAX5 (0.29), MXD1 (0.16), SP4 (0.43),
CEBPB (0.24)

STAT5A (0.14), IRF4 (0.30); BACH2 (0:09), MAFF (0.18), TCF7L2
(0.16), SP4 (0.43), ETS1 (0.01), CEBPB (0.24), BACH1 (0.35), MAF
(0.49), IRF1 (0.04), SMAD3 (0.30), MAFB (0.10), ZEB1 (0.23), IRF9
(0.15), TCF7 (0.07), USF1 (0.35), STAT4 (0.01), PAX5 (0.29), NR3C1
(0.33), STAT1 (0.33)

STAT5A (0.14), RELA (0.44), EGR3 (0.20), REL (0.13),'AHR (0.01),
ETS1 (0.01), EGR2(0.30), STAT4 (0.01), PAX5 (0.29), STAT1 (0.33)
GCML1 (0.34), ARID5B (0.04), AHR (0.01), ETS1 (0.01), CEBPB (0.24),
SMADS3 (0.30), ZEB1(0.23), JUN (0.19), NR3C1 (0.33)

EGR3 (0.20), SP4 (0.43), ETS1 (0.01), SMAD3 (0.30), EGR2 (0.30),
USF1 (0.35), HIF1A (0.12), NR3C1 (0.33)

EGR3 (0:20); ETSL (0:01); EGR2 (0:30), FOS (0:02), JUN (0.19), PAX5
(0.29), NR3C1 (0.33)

EGR3 (0.20), AHR (0.01), SP4 (0.43), ETS1 (0.01), EGR2 (0.30), PAX5
(0.29)

GFI1 (0.36), ARID5B (0.04), AHR (0.01), SP4 (0.43), ETS1 (0.01),
CEBPB (0.24), USF1 (0.35), HIF1A (0.12), MXD1 (0.16); NR3C1 (0.33)
STAT5A (0.14), EGR3 (0.20), ARID5B (0.04), AHR (0.01), SP4 (0.43),
SMAD3 (0.30), EGR2 (0.30), USF1 (0.35), HIF1A (0.12), STAT4 (0.01),
PAX5 (0.29), MXD1 (0.16), STAT1 (0.33)

GATA3 (0.07), GCM1 (0.34), ARID5B(0.04), AHR (0.01), ETS1 (0.01),
CEBPB (0.24); SMAD3 (0.30); ZEB1 (0.23); JUN (0.19), NR3C1 (0.33)
STAT5A (0.14), EGR3 (0.20), TP53(0.10), AHR (0.01), SP4 (0.43), ETS1
(0.01), EGR2 (0.30), HIF1A (0.12), STAT4 (0.01), PAX5 (0.29), NR3C1
(0.38), STAT1 (0.33)

STAT5A (0.14), GFI1 (0.36), EGR3 (0.20), KLF12 (0.02), AHR (0.01),
SP4 (0.43), ETS1 (0.01), IRF1 (0.04), EGR2 (0.30), USF1 (0.35), HIF1A
(0.12), STAT4 (0.01), PAX5 (0.29), NR3C1 (0.33), STAT1 (0.33)

EGR3 (0.20), TP53 (0.10), KLF12 (0.02), AHR (0.01), SP4 (0.43), CEBPB
(0.24), IRF1 (0.04), SMAD3 (0.30), EGR2 (0.30), PAX5 (0.29), NR3C1
(0.33)
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In miRNA target site predictions, the target sites of 21 differentially
expressed miRNAs are identified by using miRanda and TargetScans to predict
first. Then, gene expression profile is combined. If the trend of fold change
between miRNAs and their target genes are the same, these genes are removed.
For example, if the miRNA' is down-regulated, its. target gene should be
up-regulated. 2864 MTIs (miRNA-target interactions) are identified from 1088
genes based on this rule. These MTIs and target genes are used to do GO and
pathway enrichment analysis.

1088 predicted miRNA targets are used to do GO enrichment analysis
(p-value<0.0001) ~byusing the web-based tool (DAVID Bioinformatics

Resources: http://david.abce.nciferf.gov/home.jsp ). Table 7 lists the analysis

results of these genes. For example, 106 genes involved in DNA metabolic process,
133 genes involved in cell cycle, 57 genes involved in DNA replication, 53 genes
involved in mitosis and 56 genes involved in DNA repair. These gene functions
have high association with carcinogensis.

Table 7. The function of miRNA target genes by GO enrichment analysis

GO terms Number of involved genes ~ p-value
G0:0006259~DNA metabolic process 106 1.03E-27
G0:0007049~cell cycle 133 6.75E-26
G0:0006260~DNA replication 57 8.12E-23
G0:0007067~mitosis 53 1.04E-16
G0:0000280~nuclear division 53 1.04E-16
G0:0006281~DNA repair 56 1.52E-13
G0:0051301~cell division 56 7.71E-13
G0:0006310~DNA recombination 25 4.41E-08
G0:0034660~ncRNA metabolic process 38 2.51E-07
G0:0006412~translation 44 9.94E-06
G0:0065003~macromolecular complex assembly 73 1.10E-05
G0:0022613~ribonucleoprotein complex biogenesis 29 1.37E-05
G0:0006886~intracellular protein transport 47 2.04E-05
G0:0032259~methylation 17 2.35E-05
G0:0007005~mitochondrion organization 24 2.58E-05
GO0:0006396~RNA processing 61 4.14E-05
G0:0046907~intracellular transport 70 4.50E-05
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2864 MTIs are applied for pathway enrichment analysis. Table 8 shows 17
pathways which are identified by using phyper function in R package (P-value
<=0.05). For example, there are 12 miRNA target genes involved in the pathway
“DNA replication”. The total number of gene in this pathway is 36. 27 miRNA
target genes involve in the pathway “cell cycle”. There are total 173 genes in this
pathway."Comparing the results between GO and pathway enrichment analysis,
some biological processes are both identified such as'DNA replication and Cell
cycle. In  general, the analysis result of pathway is more specific than GO
enrichment analysis: For-example, the pathway “Mismatch repair” is the subclass
of DNA repair which.is.identified from GO analysis. Moreover, the pathway can
offer more detailed relationship of gene and gene interaction. Figure 19 shows
the miRNA target genes involve in cell cycle. The involved target genes are
colored according 'to their - fold change (red: up-regulated, green:
down-regulated): In each gene text, if there are multiple genes in the same text
and some of these genes are miRNA targets, pink ball.is marked (blue ball means
only one miRNA target gene exist in gene text). For example, the gene text “MCM”
contains MCM family. Among them, MCM3, MCM4 and MCM6 are miRNA target
genes. Therefore, pink ball is marked at the gene text “MCM”". MCM3 is put in the
gene text. The fold changes and MTIs of MCM4 and MCM6 are put in the right
side table of pathway figure. Another multiple miRNA genes in the same gene
text are also marked such as YWHAG, ORC6L, CDK4 and CCNE1. Through figure
19, how these miRNA target genes lead to great influence in cell cycle can be

understood more clearly.
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Table 8. The pathway lists of miRNA target genes by pathway enrichment

analysis
Pathway name P-value # of matched genes # of genes in pathway
DNA replication 1.66E-06 12 36
Cell cycle 1.92E-05 27 173
RNA polymerase 6.55E-05 9 29
Aminoacyl-tRNA biosynthesis 4.50E-04 10 44
RNA degradation 8.09E-04 12 64
Homologous recombination 1.95E-03 8 36
Valine, leucine and isoleucine biosynthesis 2.10E-03 5 15
Alanine, aspartate and glutamate metabolism 5.83E-03 7 34
Mismatch.repair 1.03E-02 6 29
Non-homologous end-joining 1.42E-02 4 15
Synthesis and degradation of ketone bodies 1.77E-02 3 9
Steroid biosynthesis 1.92E-02 6 33
p53 signaling pathway 2.44E-02 10 75
One carbon pool by folate 2.53E-02 5 26
Butanoate metabolism 2.85E-02 6 36
Pyruvate metabolism 2.95E-02 7 46
Terpenoid backbone biosynthesis 3.27E-02 4 19
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Figure 19. miRNA target genes involve in cell cycle
In case study 1, the full analysis pipeline and results are demonstrated by
using public domain available data. The results contain miRNA expression profile,

novel miRNAs discovery, TF list of miRNAs identification, miRNA target genes
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prediction, GO enrichment analysis of miRNA target genes and pathway

enrichment analysis of MTTIs.
Case Study 2

The data for case study 2 are from my cooperator, Dr. John Shyy, who is from
Biomedical Sciences, University of California Riverside. The small RNA NGS
sequencing data are under normoxia and hypoxia in human vascular endothelial
cells (HUVECs). Hypoxic stress is an important factor which activates various
physiological’ or pathophysiological responses-in whole kind of cells. After
processing sequencing data, 35 known differentially expressed miRNAs (fold
change >=2 or <=0.5) are identified under hypoxia (Table 9). Among them,
hsa-let-7 family and“hsa-miR-103/107 are up-regulated. In addition, four novel
miRNA candidates are found (Figure 20~21). These four novel miRNAs are
conserved in human, chimp, rhesus, mouse, rat, cow and dog. HIF1A, hyroxia
inducible factor 1q, is a key transcription factor induced by oxygen deprivation. It
regulates hundreds of proteins involved in angiogenesis, erythropiesis, cell cycle
and metastasis. To investigate the relationship between HIF1A and differentially
expressed miRNAs, the binding profile of HIF1A from TRANSFAC is used to scan
the promoter region of miRNAs. Transcription factor binding sites of HIFIA are
identified in the promoter region of hsa-let-7 family.-and miR-103/107 (Figure
22). These prediction results are validated by quantifying the miRNA expression
by Tagman qRCR under infecting Ad-HIF1A for 72 hr (data not shown). After
verifying the relationship between HIF1A and miRNAs, the target genes of these
miRNAs are predicted. 169 and 148 target genes are predicted for hsa-let-7
family and miR-103/107, respectively. Among these target genes, six genes are

both targeted by hsa-let-7 family and miR-103/107 such as RPS6KB2, TARBPZ2,
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RGPD5, RGPD6, RGPD8 and EIF2C1 (Ago1). AGO1 is an important protein which
anchors the miRNA-induced silencing complex (miRISC). The target sites in 3’-
UTR of AGO1 are conserved in 15 species (Figure 23). Then, these two target
sites are experimentally validated by Luciferase reporter assay (data not shown).

Table 9. The lists of differentially expressed miRNAs in hypoxia HUVECs

Normalizated miRNA expression Fold change

MiRNA name normoxia hypoxia hypoxia/normoxia
hsa-miR-30a* 603.94 3977.29 6.59
hsa-miR-107 5452.20 31783.39 5.83
hsa-miR-181b 423.59 2436.81 5.75
hsa-let-7e 1212.07 6628.31 5.47
hsa-let-7a 4944.72 24709.95 5.00
hsa-miR-423-5p 1056.89 5160.76 4.88
hsa-miR-886-5p 658.46 2995.88 4.55
hsa-let-7b 2461.88 11163.15 4,53
hsa-miR-320a 6899.13 30982.76 4.49
hsa-miR-26a 1103.02 4726.26 4.28
hsa-let-7g 3422.30 14490.22 4.23
hsa-miR-31 1665.02 7023.31 4.22
hsa-let-7f 15815.57 52860.90 3.34
hsa-miR-103 46788.24 148022.67 3.16
hsa-miR-16 549.41 1636.19 2.98
hsa-let-7c 4122.70 10830:45 2.63
hsa-miR-432 436.18 1109.02 2.54
hsa-miR-93 1048.50 2573.54 245
hsa-miR-26b 1119:80 2710.27 242
hsa-let-7d 4043.01 9138.05 2.26
hsa-miR-221 11709.64 24904.40 2.13
hsa-miR-29¢ 759.11 376.76 0.50
hsa-miR-106b 998.17 487.67 0.49
hsa-miR-7 1258.20 57274 0.46
hsa-miR-101 11915.15 5422.06 0.46
hsa-miR-379 4198.19 1861.03 0.44
hsa-miR-340 1212.07 528.69 0.44
hsa-miR-216a 675.23 265.86 0.39
hsa-miR-21 562171.82 206790.26 0.37
hsa-miR-128 662.65 206.61 0.31
hsa-miR-411 2264.76 598.57 0.26
hsa-miR-30c 977.20 212.69 0.22
hsa-miR-23b 1342.08 278.02 0.21
hsa-miR-23a 10916.98 2193.74 0.20
hsa-miR-126* 6349.71 1157.64 0.18
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Novel miRNA 1

Novel miRNA 2
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Figure 20. The secondary structure and cross-species conservation of novel

miRNA 1 and 2 (case study 2)
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Figure 23. The target sites of hsa-let-7 family and hsa-miR-103/107 in the 3’
UTR of Agol. These target sites are conserved in 15 species (red part is seed
region).
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According to in silico bioinformatics analysis and in vitro validation results,
the model “miRNA-mediated transcriptional de-suppression” is proposed (Figure
24). In this model, HIF1A is induced under hypoxia. Then, HIF1A induces the

expression of hsa-let-7 family and miR-103/107. These miRNAs down-regulate

the expression level of Agol geting the 3’-UTR of it. The quantities of

miRISC formatio e red d due to the low expression le of Agol. So, the
translatic NA targeting is r l: hich are

Figure 24. The model of translational suppression under normoxia and
de-suppression under hypoxia
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Case Study 3

The small RNA NGS sequencing data are from my cooperator, Dr. Hailing Jin, who
is from Department of Plant Pathology and Microbiology, University of California
Riverside [173]. There are four immunoprecipitation sequencing data sets from
Arabidopsis leaves. The selected proteins are Agol and Ago2. These four sets are
AGO1-1P-mock, AGO1-IP-Pst (Pseudomonas Syringae pv. tomato), AGO2-1P-mock
and AGO2-IP-pst. Excluding these four sets, there are two sequencing data about
mutant Ago2 (ago2-mock and ago2-pst). Argonaute (AGO) proteins are
important protein family in-plants. They are RNAi effectors that bind miRNAs or
siRNAs and mediate gene silencing by targeting the mRNAs. In plants, there are
various immuneresponses  including pathogen-associated molecular
pattern-triggered immunity (PTI) and bacterial effector-triggered immunity
(ETI). In plants, AGO1 is primarily associated with miRNAs and regulates PTI by
several stress-related miRNAs. In figure 25, the mRNA level of AGO2 is highly
induced by virulent Pst (EV) and avirulent Pst (avrRptZ2) at 6 and 14 hours post
inoculation (hpi). Therefore, AGO2 is the RNA silencing effector in both'ETI and
PTI by bounding miRNAs or siRNAs. To investigate the function of AGO2 in
antibacterial immune responses, AGO1- and AGO2-IP SBS sequencing data are
generated. AGO1-IP libraries are used as control. ago2 mutant sequencing data

by the same treatment are also constructed:
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Figure 25. The mRNA expression level of AGO2 in mock, virulent Pst (EV) and
avirulent Pst (avrRpt2)

After processing the sequencing data and profiling the expression level of
miRNAs and various kind siRNAs, an_interesting thing is found. The expression
level of various miRNA-and miRNA* are opposite in AGO1- and AGO2-IP sets. For
example, ath-miR165a is abundant in AGO1-IP but is lowly expressed in AGO2-IP.
ath-miR165a* is abundant in AGO2-IP but is lowly expressed in AGO1-IP. In table
10, there are five miRNA and miRNA* pairs which have great different expression
level between AGO1-.and AGO2-IP sets. In previous studies, only one strand of
miRNA is expressed in many experimental conditions and another strand of

miRNA is usually considered as non-function.
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Table 10. The lists of differentially expressed miRNAs (comparing AGO1- and

AGO2-IP)
AGO1-IP AGO2-IP ago2

miRNA name mock Pst (avrRpt2) mock Pst (avrRpt2) mock  Pst (avrRpt2)
ath-MIR165a 30890.43 23823.16 0.29 6.34 24.30 54.25
ath-MIR165a* 0.98 0.93  7943.39 15529.25 23.54 1050.87
ath-MIR393b 358.14 156:56 0.44 0.52 2.85 8.60
ath-MIR393b* 0.33 2440 @ 2621.86 4546.56 551 475.12
ath-MIR396a 1071.49 1258.68 18.68 13.07 33.79 632.99
ath-MIR396a* 9457.78 9165.25  1016.89 2158.92/ 555.69 1900.09
ath-MIR396b 4121.88 6172.96 26.32 28.40 97.58 1548.06
ath-MIR396b* 188.20 214.62  1196.89 2864.61 26.01 255.14
ath-MIR472 246.91 61.45 0.88 2.01 2.09 16.09
ath-MIR472* 28.05 36.44 508.67 1273.69 0.00 63.60

To investigate the function of the miRNA* the target sites of these five
miRNA* are predicted by the modified plant target prediction guideline
(described in the “Materials and Methods” section). In table 11, there are 41
predicted genes which are targeted by these five miRNA* (16 target genes for
miR165a* 13 target genes for miR393b*, 6 target genes for miR396a*, 3 target
genes for miR396b* and 3 target genes for miR472*). The function of miR393b
has been reported that it contributes to PTI by silencing auxin receptors TIR1,
AFB2, and AFB3. To test:whether miR393b*.also involves in PTI, AT5G50440
encodes MEMB12, an_SDS-resistant soluble N-ethylmaleimide sensitive factor
attachment protein receptor (SNARE) that is mainly localized -in cis-Golgi
cisternae. The relationship between MEMB12 and miR393* is validated by
detecting the protein level of wild-type MEMB12 (MEMB12-wt) and the miR393*
target site mutated in MEMB12 (MEMB12-mu). In figure 26, the protein level of
MEMB12 is reduced by miR393* targeting in MEMB12-wt but the protein level of

MEMB12 is recovered by mutating miR393* target site in MEMB12-mu.
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Table 11. The predicted target genes of selected miRNA*

miRNA name Locus ID Description Score
ath-miR165a* AT2G30490 C4H (CINNAMATE-4-HYDROXYLASE); trans-cinnamate 4
4-monooxygenase
ath-miR165a* AT1G66150 TMK1 (TRANSMEMBRANE KINASE 1); transmembrane 4
receptor protein serine/threonine kinase
ath-miR165a* AT1G74790 catalytic 4
ath-miR165a* AT2G02790 1QD29 (IQ-domain 29); calmodulin binding 45
ath-miR165a* AT5G06350 binding 45
ath-miR165a* AT5G52620 F-box family protein 5
ath-miR165a* AT3G17850 protein kinase, putative 5
ath-miR165a* AT3G19650  cyclin-related 5
ath-miR165a* ~AT4G31600 UDP-glucuronic acid/UDP-N-acetylgalactosamine 5.5
transporter-related
ath-miR165a* « AT3G28340 GATL10 (Galacturonosyltransferase-like 10); polygalacturonate 5.5
4-alpha-galacturonosyltransferase/ transferase, transferring
hexosyl groups
ath-miR165a* <AT2G42300 basic helix:loop-helix (bHLH).family protein 5.5
ath-miR165a* AT5G44400 FAD-binding domain-containing protein 55
ath-miR165a* AT5G61780 tudor domain-containing protein / nuclease family protein 55
ath-miR165a* AT5G01030 unknown protein 55
ath-miR165a* AT5G54690 GAUT12 (GALACTURONOSYLTRANSFERASE 12); 5.5
polygalacturonate 4-alpha-galacturonosyltransferase/ transferase,
transferring glycosyl groups/ transferase, transferring-hexosyl
roups
ath-miR165a* AT3G48580 gyloglucan:xyloglucosyl transferase, putative / xyloglucan 5.5
endotransglycosylase, putative / endo-xyloglucan transferase,
putative
ath-miR393b* AT3G63180 TKL (TIC-LIKE) 45
ath-miR393b* AT3G19420 ATPEN2 (ARABIDOPSIS THALIANA PTEN 2); phosphatase/ 45
protein tyrosine phosphatase
ath-miR393b* AT1G61350 armadillo/beta-catenin repeat family protein 5
ath-miR393b* AT3G48350 cysteine proteinase, putative 5
ath-miR393b* AT4G19490 proteinbinding 5
ath-miR393b* AT4G09040 RNA recognition motif (RRM)-containing protein 5
ath-miR393b*  AT2G39300. unknown protein 5
ath-miR393b* AT5G58660 oxidoreductase, 20G-Fe(ll) oxygenase family protein 5
ath-miR393b* AT2G19640 _ASHR2 (ASH1-RELATED PROTEIN 2) 55
ath-miR393b* AT2G25140 CLPB4 (CASEIN LYTIC PROTEINASE B4); ATP binding / 55
ATPase/ nucleoside-triphosphatase/. nucleotide binding / protein
binding
ath-miR393b* AT5G05900 UDP-glucoronosyl/UDP-glucosyl transferase family protein 5.5
ath-miR393b*. AT5G50440 MEMBI12 (MEMBRIN 12); SNAP receptor 55
ath-miR393b* AT3G09530 ATEXO70H3 (exocyst subunit EXO70 family protein H3); 55
protein binding
ath-miR396a* AT2G19590  ACO1 (ACC OXIDASE 1); 1-aminocyclopropane-1-carboxylate 45
oxidase
ath-miR396a*  AT5G15610 proteasome family protein 5
ath-miR396a* AT2G18710 SCY1 (SecY Homolog 1); P-P-bond-hydrolysis-driven protein 5
transmembrane transporter
ath-miR396a* AT1G51340  MATE efflux family protein 5.5
ath-miR396a* AT5G14130 peroxidase, putative 55
ath-miR396a* AT3G18220 phosphatidic acid phosphatase family protein / PAP2 family 55
rotein
ath-miR396b* AT1G19720 Eentatricopeptide (PPR) repeat-containing protein 4.5
ath-miR396b* AT1G09610 unknown protein 5
ath-miR396b* AT5G60610 F-box family protein 55
ath-miR472* AT4G13395 RTFL12 (ROTUNDIFOLIA LIKE 12) 5
ath-miR472*  AT1G12290 disease resistance protein (CC-NBS-LRR class), putative 5
ath-miR472*  AT2G28010 aspartyl protease family protein 55
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Figure 26. The protein level of MEMB12 with miR393b* (MEMB12-wt and mu)

The model of miRNA* and miRNA pair associating with different AGO
proteins targeting. different regulators for the same cellcular process (PTI) is
proposed based on in silico bioinformatics and in virto experimental validated
results. Figure 27 demonstrates this model. miR393b associated with AGO1
targets auxin receptors TIR1, AFB2, and AFB3 for regulating pattern-triggered
immunity (PTI). miR393b* associated with AGO2 targets MEMB12. Reduced
MEMB12 leads to_increased exocytosis of antimicrobial protein PR1. Therefore,
AGO2 regulates PTI by binding miR393b* and subsequently modulating
exocytosis of antimicrobial molecules.

Excluding miR393b and miR393b* pair, there are other miRNA nad miRNA*
pairs identified in this study. AGO2 is induced by ETI and PTL Therefore, the
function of miRNA* associated with AGO2 may regulate a group of genes involved

in various pathways which are correlated with plant immunity.
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Case Study 4

The small RNA sequencing data are from my cooperator, Dr. Lin Na-Sheng, who is
from Institute of Plant and Microbial Biology, ACADEMIA SINICA. In plants,
viruses can induce post-transcriptional gene silencing (PTGS) through
virus-specific small interfering RNAs (vsiRNAs) targeting the mRNA of host.
Satellite RNAs (satRNAs) can also trigger PTGS to produce satRNA-derived
siRNAs (satsiRNAs). In Dr. Lin’s previous studies, two BaMV (Bamboo-mosaic
virus)-associated Satellite RNAs (satBaMVs) are-identified [174]. They are BSL6
and BSF4. The similarity between BSL6 and BSF4 is very high (93%). BSL6 can
greatly reduce BaMV accumulation and attenuate BaMV-induced symptoms in N.
benthamiana and “Chenopodium quinoa. However, BSF4 does not have this
function. The key component of satBaMV determines this function is the apical
hairpin stem loop (AHSL) located in the 5-UTR of BSL6. To further investigate
the relationship between BaMV and satBaMVs, total eleven sequencing sets from
Arabidposis thaliana and Nicotiana benthamiana are generated [175]. There are 4
sets from inoculated leaves of A. thaliana (Mock, BaMV, BaMV+BSF4 ' and
BaMV+BSF6) and 7 sets from inoculated (I) and systemic (S) leaves of N.
benthamiana. (Mock, BaMV(I), BaMV(S), BaMV+BSF4(I), BaMV+BSF4(S),
BaMV+BSL6(1) and BaMV+BSL6(S)).

After processing sequencing data, the amount of vsiRNAs and satsiRNAs are
counted in each library. Table 12 lists the amount of vsiRNAs and satsiRNAs in N.
benthamiana. In inoculated and systemic leaves with BSL6, very few vsiRNAs and
satsiRNAs are detected. It is corresponded to the results of previous study (low
expression level of BaMV and BSL6 RNAs) [176]. In A. thaliana, the expression

level of vsiRNAs and satsiRNAs is also very low (Table 13). The detected
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expression level of vsiRNAs and satsiRNAs in BSF4 is higher than in BSL6. It is
because BSF4 can not reduce BaMV accumulation (the higher expression level of
BaMV and BSF4 RNAs). According the statistics of length of vsiRNAs and
satsiRNAs, the major length is 21 nt in A. thaliana (Figure 28). The major length
is 21 and 22 ntin N. benthamiana (Figure 29).

Table 12. The amount of small RNAs in-7 libraries in N.. benthamiana

Mock BaMV.(I)  BaMV (5) BaMV BaMV BaMV BaMV
+BSF4 (1) +BSF4(S)  +BSL6 (1)  +BSL6 (S)
Total 2489506 _ 3,293585 3,411,741 5,247,031 3,567,466 3,272,499 4,853,059
BaMV 123,901 596,851 35,794 829,730 2,041 . 95 (0.0%)
(3.7%) (17.5%) (0.7%) (23.3%) (0.1%)
BSF4 269,101 53,539
(5.1%) (1.5%)
BSL6 7441 71(0.0%)
(0.2%)

Table 13. The amount of small RNAs in 4 libraries in A. thaliana

Mock BaMV BaMV+BSF4 BaMV+BSL.6
Total 4,676,816 3,437,925 2,037,033 2,221,999
BaMV 23,714 (0.7%) 29,880 (1.5%) 4,555 (0.2%)
BSF4 1,281(0.1%)
BSL6 1,653 (0.1%)
(A) BaMV (+) BaMV (-)
10 [ 10° 71.6% i: < 10° 81.4%
BaMv T 15.0% 5t I14_g%
0 0 -
15 1 q0f 75.7% 150 80.5%
BaMV+BSF4 10 | 10
st 11.3% st 13.6%
0 0 -
15 ] 45.5% 15 3 72.6%
. ’ y [ =10 w10
BaMV+BSL6 1 I 14.1% 2 IZM%
0 0 . . .
17 18 19 20 21 22 23 24 25 17 18 19 20 21 22 23 24 25
(B) satBaMV (+) satBaMV (=)
300 28.2% 300 -
BaMV + BSF4 200 200 702%
100 6.0% 100 F I 9.9%
0 o -
) 600 56.4% 600 72.9%
BaMV+BSL6 100 [ Im‘g% poos I 19.6%
0 1] L x L A o
17 18 19 20 21 22 23 24 25 17 18 19 20 21 22 23 24 25

Figure 28. Length distribution of siRNAs derived from BaMV or satBaMV in A.

thaliana
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Figure 29. Length distribution of siRNAs derived from BaMV or satBaMV in N.
benthamiana

To analyze whether any bias in length distribution of siRNAs in mock,
virus-infected and satRNA-co-infected samples, the length distribution of total
siRNAs are compared. Obviously, the length distribution of total siRNAs is
different with vsiRNAs and satsiRNAs (Figure 30). The most abundant siRNAs is
22 nt in mock. After BaMV. inoculation or co-inoculation-with satBaMVs, the
quantity of 22 nt siRNAs are greatly decreased and 21 and 24 nt siRNAs are
increased. These 24 nt siRNAs are endogenous siRNAs which belong to host (24

nt siRNAs are very few in BaMV and satBaMV).
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Figure 30. The lengthdistribution of total siRNAs from N. benthamiana

Figure 31 shows the distribution of siRNAs in the 5’-UTR of satRNAs in A.
thaliana. and N. benthamiana. The key component of the satRNA for reducing
BaMV accumulation is called as AHSL region (position 54-91 in/BSF4 and
position 54-92 in BSL6). In AHSL region, there are two major peaks in BSF4
negative strand (position 54 and“75). There are several peaks in BSL6 negative
strand (position 51-61 and position 71-81).

According to these analysis results, the low expression level of vsiRNAs and
satsiRNAs of BSL6 and its correlation with the accumulation of BaMV and
satBaMV: suggests that BSL6 down-regulates BaMV. before triggering PTGS
(post-transcriptional gene silencing) to produce siRNAs. Moreover, the length
distributions of siRNAs with and without BSL6 co-infection are similar (Figure
28). These results also imply that reduced BaMV accumulation by BSL6 occurs

before PTGS.
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6. Discussions

My work purposes the complete, systematic and comprehensive analysis pipeline
for small non-coding RNA next-generation sequencing data. It can help biologists
to easily process their own data and find biological significant genes or pathways
after running whole processes: In results section, case. study 1 clearly
demonstrates that the full analysis results are generated by using public domain
available data. Case studies 2-4 are the real results from my cooperators. Case
study 2 isfinding the miRNA regulation role under normoxia and hypoxia in
human' vascular endothelial cells (HUVECs). After the analysis flow and
experimental validated,...the =model @ “miRNA-mediated  transcriptional
de-suppression” is proposed (hsa-miR-let 7 family and miR-103/107 targeting
AGO1). In case study 3, the function of AGO protein in antibacterial immune
responses in Arabidopsis is investigated. According to in silico analysis and in virto
experimental results, the miRNA and miRNA* pair associated with different AGO
proteins targeting different regulators with the same cellular process is proposed.
In-case study 4, the sequencing data of small RNA of virus (BaMV) and
virus-associated satellite RNA (BSF4 and BSF6) in different plantsare generated
and analyzed. The characteristics of vsiRNAs and satsiRNAs-are found (the major
length of these siRNAs). And BSF6 reduced BaMV accumulation triggering PTGS
to produce siRNAs is also found.

The systematic analysis flow for small non-coding RNA NGS sequencing data
is powerful and useful for biologists. However, increasing the correctness of
profiling NGS data and how to combine various kinds of NGS data need to be
further investigated.
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6.1 Increasing the correctness of profiling NGS data

Undoubtedly, next-generation sequencing technology is a powerful approach for
profiling and analyzing small non-coding RNAs. However, how to monitor the
expression level of small RNAs more correctly is an important issue. The major
problems are how to deal with multiple mapping reads (mutlireads) and the
various sequencing reads for known small non-coding RNAs (In miRNAs, they are
called as isomiRs).

Multiple mapping reads represent the reads which have multiple genomic
locations. For instance;in-Illumina platform, the length of the read after trimming
3’ adaptor sequence is smaller than 30 nt. Then, these reads are mapped to
genomic sequences. Some of them can be mapped to multiple locations. About
30% of the total mapped reads are mutireads [177]. In various previous studies,
these multiple mapping reads are removed before further analysis. However,
discarding mutireads affects the detected expression levels [178]. Several studies
have proposed the solutions based on heuristic approach which /divides
mutireads according to the distribution of unique mapped reads in mutireads
mapped regions [178-179]. The solution of this problem is setting the different
threshold of mutireads in my studies for different species (described in
“Materials and methods” section). But these are not the best way for handling
this problem. Recently, the new algorithm is designed for solving mutireads
problem [177]. The algorithm is called as EM (Expectation Maximization)
algorithm based on maximum likelihood approach. This mode assumes the
sequencing reads are random generated from the region which has the

corresponding distribution. This model originally is designed for RNA-seq which
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is used to monitor the expression level of mRNAs. miRNAKkey, the software for
miRNA analysis in NGS data, implements this EM algorithm. So, this model can be
applied for optimizing the miRNA expression level (solving mutireads problem).
In profiling the expression level of miRNAs, various sequencing reads for the
miRNAs (isomiRs) are always observed. Figure 42 gives the example of isomiRs
in human and "Arabidopsis. The sequence. of hsa-miR-517b in miRBase is
“TCGTGCATCCCTTTAGAGTGTT”. The variants are shifting several nucleotides in 5’
or 3’ end (comparing with hsa-miR-517b). For example, “Reads 2” shifts two
nucleotides in 5’ end. “Reads 7” shifts one nucleotide in 5’ end. The length of
these ‘variants is ‘the same or different with hsa-miR-517b. In Arabidopsis,
isomiRs are = also....found. The ' sequence . of _ath-miR775 'is
“TTCGATGTCTAGCAGTGCCAA”. “Reads 8” and “Reads 12” shifts two and one
nucleotides in 5’ end, respectively. In previous studies, the highest expressed
read is considered as the expression of the miRNA. So, the expression level of
has-miR-517b is 377 .in human. In Arabidopsis, the expression level 'of
ath-miR775 is 719. This profiling method is not good enough to correctly
evaluate the real expression level of miRNAs. In my study, the expression level of
the miRNA is counting all isomiRs. This method is often used now. However, the
tolerance range of shifted nucleotide is not defined clearly and the method for
modeling isomiRs is not purposed. In addition, the sequence of highest expressed
read is different with the know miRNA in two examples (Figure 32). This
condition is usually observed in many small RNA NGS data. It affects the miRNA
target site prediction in animals and plants. For example, the highest expressed
read is shifting one nucleotide in 5’ end in hsa-miR-517b. In target prediction

model of animals, the seed region, position 2-8 of the miRNA, is the major factor
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which determines the target site. The seed region of hsa-miR-517b is changed
from “CGTGCAT” to “TCGTGCA". So, the predicted target sites are also changed. In
plants, the core region of target site region is position 3-12. Therefore, the core
region changing due to isomiRs certainly leads to the change of predicted sites.
There are no related studies about this problem and:its corresponding solution.
In my study, the top three highest expressed reads are used to predict the target
sites. Then, joint target sites are found from three predicted target site sets. It is
not.the best way for determining miRNA targets. The better method needs to be

purposed in the future.

‘Human

[miRNA I hsa-miR-517b

miRNA TCGTGCATCCCTTTAGRGTGTT Read count
Reads  TCGIGCATCCCTTTAGAGTG 2
Reads 1 [FECTGCATCCCTTTACAGTGET 14
Reads 2 A TCCICCATCCOTTTAGAGTCT 1
Reads 3 ATCGTGCATCCCTTTAGAGTGTT 1 Read the same with miRNA

Reads
Reads 5 7 TCGTGCATCCCTTTAGAGTGTT
Reads§ ATCGTGCATCCCTTTAGAGTE 19 Highest Expressed read ATCGTGCATCCCTTTAGAGTGT
Reads 7 |A]

Reads8  EEGCATCCCTTTRGAGTEN 3
Reads9 ACCHGCATCCCTTTACAGT 7

Arabidopsis
miRNA [MR775
miRMNA TTCGATGTCTAGCAGTGCCAA Read count _ |
Reads0 || Highest Expressed I'(Ll(l
Reads 1 CEATGTCTAGCAGTGCCAR 16
GATGTCTAGCAGTGCCAA
Reads 2 T 6 TTCGATGTCTAGCAGTGCCA
Reads3  ITCGATGTCTAGCAGIGCC 1
Readsd [l > TTCGATGTCTAGCAGTGCCAAT

Reads 5 TTiCEATGTCTAGCAGTGOGART 1 Read the same with miRNA TTCGATGTCTAGCAGTGCCAA
Reads6 ||
E::gz; Third high expressed |read
Reads 9 T HTCEATGICTACCACTECCH 5
Reads 10 17 FICEATCICTACCACTCECA 38
Reads 11 FCEATGTCTAGCAGTGCCAN 17
Reads 12 T IICCATGICTACCAGTGCCRA 33

TTTTCGATGTCTAGCAGTGCCAA

>

Figure 32. The example of isomiRs in Human and Arabidopsis
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6.2 Improving completeness of regulation role of small

non-coding RNAs by adding other kind NGS data

Next-generation sequencing technology is the good way for analyzing small
non-coding RNAs. To deeply investigate the regulation role of small RNAs,
multiple information such as gene expression data from cDNA microarray, gene
function (GO) and pathways are combined in previous studies or.my study.
However, it is_still not enough to completely decipher the pathway of small
non-coding RNAs. Several kinds of NGS data can be merged for doing more
comprehensive analysis.

The first is RNA-seq-which is the application of NGS. It is used to detect the
expression level of transcripts. Unlike cDNA microarray, RNA-seq can detect
novel alternative splicing events and more correctly monitor the expression of
transcripts. The probe sets of cDNA microarray are designed based on whole
known isoforms. So, RNA-seq can more sensitively detect the expression level of
each isoform. In miRNAs and siRNAs target site prediction, the more correct
mRNA expression profile is helpful for reducing the false positive rate of
prediction due to the miRNAs and siRNAs down-regulating the expression level
of mRNAs: Moreover; the mRNA expression profile of RNA=seq. can also reduce
the false positive rate of predicting transcriptional cis-regulatory elements in the
promoter regions. For example, E2F3, a transcription factor, is predicted that
induces a set of miRNAs by binding their promoter regions. If E2F3 is not
detected in the mRNA expression profile, it is not the candidate for regulating
these miRNAs. If the set of miRNAs are up-regulated but E2F3 is down-regulated,
E2F3 is not the regulator of these miRNAs.
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The second is chip (chromatin immunoprecipitation)-seq which is another
application of NGS. Chip-seq is applied for high-throughput screening the DNA
sequences which are bound by selected proteins. These proteins can be
transcription factors (TFs) or other important proteins in biological processes.
After mapping the sequencing reads of chip-seq of selected transcription factor
to genomes, the TFBSs (transcription factor binding sites) are identified in the
sequence abundant regions. These experimental evidences can be used to build
the relationship between miRNAs.and the TFs which regulate them. For example,
the sequence abundant regions locate the promoter region of miRNAs. The TFs
have high possibility-regulating miRNAs. The complete. miRNA regulatory
network from transcription.to translation level can be generated by combing
RNA-seq and chip-seq.

The third is CLIP (crosslinking immunoprecipitation)-seq which is the novel
application of NGS. CLIP-seq is the method for high-throughput screening the
RNA sequences which are bound by selected proteins. Recent studies use AGO
(Argonaute) protein to do CLIP-seq [180-181]. AGO pretein is required for
miRNAs and siRNAs targeting mRNAs. So, the miRNA and mRNA interaction sites
can be detected by AGO CLIP-seq. AGO CLIP-seq can directly give the evidence of
miRNA and mRNA interactions. But these interaction sites need to be further
analyzed. This is’/because AGO CLIP-seq is global secreening the miRNA and mRNA
interaction sequences. Identifying what miRNAs interact with these sequences is
required. For example, the interaction region is chrl: 156770-156798 [+] in
human. All known miRNAs are used to find the interaction in this region or not

by current target site prediction guideline.
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The fourth is Degradome-Seq (degradome sequencing) which is designed for
identifying the miRNA cleavage sites by using a modified 5’-rapid amplification of
cDNA ends (RACE) with next-generation sequencing technology. Degradome-Seq
first is used to find miRNA target sites in plants [71, 182-185]. Recently, some
studies are purposed that they used Degradome-Seq to identify miRNA-derived
cleavage sites [186-187]. Therefore, Degradome-Seq can give the direct evidence
of miRNA and mRNA interactions in plants and animals.

The final is high-throughput sequencing of DNA methylation. There are
three - high-throughput sequencing methods for DNA methylation such as
bisulfate-sequencing(BS-=seq), methylated DNA immunoprecipitation sequencing
(MeDIP-seq) and methyl-binding protein sequencing (MBD-seq) [188]. The
degree of DNA methylation affects the transcription processes. In plants, the
function of hc-siRNAs regulates gene expression by triggering DNA methylation.
Therefore, the DNA methylation profile can be applied for identifying

relationship between hc-siRNAs and their target genes.
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Roche (454) GSFLX Workflow:
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Table S1. The lists of miIRNAs involve inroot development [8]

Species Signaling miRNA families Targets Biological functions
pathways
Arabidopsis  Auxin miR160 ARF10, ARF16, ARF17  Root cap formation, adventitious rooting, lateral
signaling root development and primary root growth
miR164 NACI Lateral root development
miR167 ARF6, ARF8 Adventitious rooting
miR390 TAS3-ARF2[ARF3/ Auxin signaling, lateral root development
ARF4*
miR393 TIR1-NAC1? Auxin signaling, potential role in lateral root
development
Nutrition miR395 SULTRZ2;1; APSI; Sulphate metabolism, unknown role in root
metabolism APS4 development
miR398 CsD1, CSD2 Copper and zinc homeostasis, unknown role in
root development
miR399 PHO2 Phosphate homeostasis, essential role in whole-
plant response to phosphate starvation
miR156, miR169, miR395, None phosphate- Sensitive to phosphate deprivation, potential roles
miR398, miR778, miR827, and related target in phosphate homeostasis
miR2111 validated
Rice Auxin miR160 NVP Root cap formation, potential role in auxin
signaling signaling
miR164 Nvb Potential roles in auxin signaling and lateral root
development, responsive to nitrogen deprivation
miR167 ARF6, ARF8 Auxin signaling, potential role in adventitious
rooting
miR390 TAS3-ARF2[ARF3| Potential role in auxin signaling and rice root
ARF4* development
Nutrition miR399 Highly conserved Involved in phosphate signaling, potential role in
metabolism predicted target root development
PHO2
Stress miR169 Nvb Induced by drought prominently in roots
response
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