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Systematic method for identifying microRNA target genes
in human genome

student : Chia-Huei Chu Advisors : Dr. Hsian-Da Huang

Institute of Bioinformatics
National Chiao Tung University

ABSTRACT

microRNA (miRNA) is a class of small non-coding RNA and the main
function of miRNAis to regulate*mRNA =stability and translation by
binding to specific'target site’'of mRNA. Recently, more and more miRNA
targets have been discovered by experiments. However, the experimental
identification of miRNA target site’is ‘lab-intensive. Although there are
several computational programs have been developed, such as miRanda,
RNAhybrid, TargetScan and PicTar, for identifying miRNA targets. The
main method of these programs are different, it’s hard to define which tool
has better performance. Therefore, in this work, to improve the accuracy of
MiRNA target prediction, we proposed a systematic method for identifying
miRNA targets in human genome. We applied three commonly used
programs to make predictions. Besides, we also define several useful
criteria by observing the experimentally verified miRNA targets which are
retrieved from TarBase to filter prediction results. Moreover, we also
collected both miRNAs and its targets gene expression profiles to support

our prediction results. Using this systematic method we proposed can help



biologists to find miRNA targets more convenient and accurate.
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Chapter 1 Introduction

1.1 Background

1.1.1 Non-coding RNA

As shown in Figure 1.1, the central dogma of molecular biology
normally flows from DNA to RNA to protein. Recently, a large number of
non-coding RNAs (ncRNAs), for example, microRNAs (miRNAs) [1-4],
small interfering RNAs (SiRNAs) and Piwi-interacting RNAs (piRNAS)
[5-7] have been discovered [8].

XOOCOOOODIX

Transcription

Information  onA synthesis)

Information

Nucleolus . ‘
w

Translation
(protein synthesis)

Cytoplasm

‘\ Ribosome
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Figure 1.1 Central dogma of molecular biology.



These non-coding RNAs (ncRNA) are any RNA molecule encoded by
genes that are transcribed from DNA but not translated into protein and it
can separate into several classes. The descriptions and functions of each

class of these non-coding RNAs was listed Table 1.1.

Table 1.1 Methods and resources for miRNA target prediction.

Class Description Function

MIRNA microRNA Post-tran§cr|pt|0nal regulation of transcripts
from a wide range of genes

Binding to complementary target RNA;

P'rlmary Small interfering RNA  guide for initiation of RORP-dependent
SIRNA . .
secondary siRNA synthesis
Secondar Post-transcriptional regulation of transcripts;
. Y small interfering RNA _ _ formation and maintenance of
SIRNA .
heterochromatin
tasiRNA Trans-acting SIRNA Post-transcriptional regulation of transcripts
Natural antisense Post-transcriptional regulation of genes
natsiRNA transcript-derived involved in pathogen defense and stress
SIRNA responses in plants
Suppression of transposons and
pIRNA Piwi-interacting RNA"™  retroelements in the germ lines of flies and
mammals

1.1.2 microRNA

Discovered in nematodes in 1993, microRNAs (miRNAS) are a class of
small non-coding RNA of about 21~23nt in length which can control gene
expression (regulating mRNA stability and translation) by binding to the
3’-UTR of mRNA.

The first miRNA, lin-4, was found in Caenorhabditis elegans in
1993[9]. Lin-4 represses the expression of lin-14, which encodes a nuclear
protein. The partial complementarity between lin-4 and the sites in the
3’-untranslated region (3’-UTR) of lin-14 mRNA caused the negative
regulation of lin-14 by lin-4 [10]. A few vyears later, the second miRNA,
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let-7, was discovered, in worm again [11]. Let-7 represses the expression of
the lin-41 and hbl-1 mRNAs by binding to their 3’-UTRs. Let-7 is
conserved throughout metazoans and the discovery of let-7 brought out the
subsequent large-scale searches for additional miRNAs, established
miRNAs as a new and large class of gene regulators. At presents, more and
more miRNAs were identified in several species but the main function of

mMiRNAs is still unclear.

1.1.3 microRNA Biogenesis

The biogenesis of miRNAs is shown in Fig. 1.2 [4]. MiRNA genes first
transcribe to pri-miRNAs by RNA polymerase Il. The pri-miRNAs are
processed to precursor miRNAS (pre-miRNAs) by the RNase endonuclease
Drosha inside thesnucleus. These pre-miRNAs are ~70 nucleotides with a
hairpin structure. Pre-miRNAs-are transported to cytoplasm by Exportin 5.
The pre-miRNAs are then processed into mIRNA:miRNA* duplexes by the
Dicer. Only one strand of this duplex-becomes a mature miRNA which is
assembled into the RNA-induced silencing complex (RISC) and act on its

target by translational repression or mMRNA cleavage.
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Figure 1.2 Biogenesis of microRNA (He, L. and G.J. Hannon, 2004).

1.1.4 miRNA Functions

miRNAs function in a broad range of biogenesis processes in plants and
animals. It perform many cellular processes such as developmental timing,
cell death, hematopoiesis and patterning of the nervous system in animals
[12]. Lin-4 and let-7 of C. elegans play essential roles in controlling timing
events during larval development. MiRNA miR-196 regulates the homebox
transcription factors of HoxB8 which indicated its role in development [13].
Moreover, miR-1 plays a crucial role in the development of heart and
skeletal muscle. All these examples above imply the importance of miRNA

in cellular processes.



miRNAs regulate their target genes via two main mechanisms, target
MRNA cleavage and transcriptional repression without RNA cleavage
shown as Fig. 1.3. In plants, most of miRNAs have perfect or near perfect
complementarity to their targets [14] and cleaving the mRNA y binding to
their targets. Contrast to miRNAs in plant, miRNAs is imperfectly
complementary to their targets which usually located in 3’-UTR of target
genes. The complementarity between animal miRNAs and their targets are
usually restricted to the 5 region of miRNAs (nucleotides 2-8 or 2-7) [15,
16]. The mRNA degradations were considered always happen in plants and
translational regulations were always found in animals. However, mMRNA

degradations were also occurred in animals.

A mRNA degradation B Translational regulation

Figure 1.3 miRNA regulation functions.



1.2 Motivation

miRNAs play an important role in many cellular processes.
Nevertheless, the specific function of most of miRNAs is still unknown.
Presently, the research of miRNAs and its target becomes more and more
popular. Several computational prediction programs, for example,
miRanda[17], RNAhybrid[18, 19] and TargetScan[15], have been
developed for identifying miRNA targets. However, for each of these
programs, the main method which is used to predict miRNA target is very
different. It is hard to decide which one has the better accuracy. Owing to
increase the accuracy of prediction results, in this work, we provide a

systematic method to identifying miRNA targets.

1.3 The Specific’Aim

In this work, we proposed a systematic.method of identifying miRNA
targets in human genome and. provide some additional information of
miRNAs and its targets. Users can input the overexpression profiles of a
specific mMIRNA. Using the expression data, some existing computational
prediction programs and useful filter features observed from the
experimentally supported targets to identify the potential miRNA target
genes. The main contribution of this work is improving the accuracy by
setting some criteria which are the features of miRNA targets we observing
from the experimentally data retrieved from TarBase[20]. Moreover, we
also collected some gene expression data of miRNAs and its targets to

support our prediction results.



Chapter 2 Related Works

Research of identifying miRNA targets is the most useful way to
understand the functions of miRNA. Several prediction tools based on
different methods were developed for finding the potential miRNA targets.
To simplify the using of these prediction tools, various web servers were be
established. Furthermore, numerous databases were built for systematizing
the information of both miRNA and its targets. In this chapter, we
introduce some existing miRNA target prediction tools, web servers and

databases.

2.1 miRNA Target Databases

Table 2.1 Database of miRNA

1 Prediction
DB Name Data Source Species Method Features
4 insects
miRBase::Targets miRBase::Sequences 16 vertebrates  miRanda -
2 habitude
TarBase Literatures 8 organisms - Experimentally
validate targets
miRBase 2 insects miRanda 3 criteria and G
miRNAMap TarBase 9 vertebrates  TargetScan Criteria a“d t ene
UCSC genome browser 1 worm RNAhybrid expression data
human
miRanda - drosophila miRanda
zebrafish
TargetScan - 5 species TargetScan Seed complementary
_ . human miRanda
miRGator miRBase .
UCSC genome browser mouse T_argetScans Gene expression data
PicTar
iRB Human
microRNA.org mirsase Mouse miRanda Gene expression data

UCSC genome browser rat




At present, lots of databases were developed for housing information of
miRNA and its targets such as miRBase::Targets contains the potential
miRNA targets in almost all genomes and TarBase integrated the
experimentally tested miRNA target sites. In Tab. 2.1, we list some miRNA
targets database and describe the data source, species, prediction methods

and special features of each database.

2.1.1 miRBase::Targets

e

miRBase

miRBase is the new home for microRMNA data. incorporating the database and gene naming roles
previously provided by the miRMNA Registry, and including the new miRBase Target database

miRBase contains 3 main sections

+ miRBase Sequences contains all published miRNA sequences. genomic locations and
associated annotation

s miRBase Targets is a newly developed database of predicted miRMA target genes

« miFBase Reqgistry provides a confidential service assigning official names for novel miRNA
genes prior to publication of their discovery

microma@sanger ac uk

Figure 2.1 Web page of miRBase.



A comprehensive database, miRBase[21], houses the miRNA data and
it divides into three parts. One is miRBase::Registry which provides a
confidential service assigning official names for novel miRNA genes prior
to publication of their discovery, another is miRBase::Sequences,
containing all the published miRNA sequence, genome location and
association annotations and the other is miRBase::Targets[22] that stores
computationally predicted miRNA target genes across several species.
miRBase::Targets version 5 released in 2007, the miRNA sequences are
obtained from miRBase::Registry and target gene sequences from Ensembl.
The potential miRNA targets are identified by miRanda algorithm which
uses dynamic programming alignment to identify highly complementary

sites.

Slaves on Cluster

Singlo Linkago |
Clusteding

MLAGAN
Multiple Alignment

1,’
Mastor Analysis B -
—_— miRanda
A
s

Target Scannor

Conserved Target
Detection

Perl GGI
5 UTR 3 UTR
C S I B S .
' I ]
up to 25006g
N ) =3 B §

Interface ) I UTR Extonsion
—_—

Computational Prediction Protocol

Figure 2.2 Computational prediction protocol of miRBase:: Targets.



2.1.2 TarBase

Tarbase sa database that provides a means of seatching thtongh set of experimentally supported mictoRNA targets o ST1 11| SN

least 8 organisms. For every target site that has gained exper vpmeTar" d ﬂbesthemﬂ?NAw}:unhbmdstthchndmg Number of mRNAs represented: 128
(alignment)picture, the kind of inhibition that it induces_its single nkesuﬁnmcystann,ﬁsgmnmmmnmlhetypesufexpﬂmmtsthztwﬁﬁmbﬁnfwgcm 570
conducted to support it, and the paper from which all of this data was extracted Users can also d d the entir of the database it Number of target sites - 763

the form of a tar file that will be updated frequently.

TarBase alzo allows forusers to submit newly id mfgetsmorwmkeepthed&babmupdmeﬁfmthemnRNAmuh

community. Wehﬂdlqulmstthtummbnntmyrmﬂyveﬁﬁﬁdwgebusmg&m bmi the pﬁ:
We at all regarding the interface, search site, msuhmsmmhﬂmgmﬁmynﬂmmmummqm;m ter the name of the miRNA -

pravesns@mail med upenn edu.

Experimentally 7 ...

............................

If youuse TarBase for any research that results in a publication, pleasecite:

Sethupathy, P., Corda, B., and Hatziegeorgiou, A.G. 2006. TarBase: A comprehensive database of experimentally supported animal microRNA targets.
RNA12:192-197.

Fig‘u re 2.3\Web pége of TarBase.

TarBase[20] is the database which provides experimentally supported

mIiRNA targets. They collect the experimentally verified miRNA target in

at least 8 organisms include human, mouse, virus, fruit fly, worm, zebrafish,

rat and plant. For each tested target sites, TarBase described the miRNA

that binds it, the gene in which it occurs, the experiments that were

conducted to test it and the paper from which all data were extracted. The

current release, version 4.0, contains 128 miRNA, 570 target genes and 763

target sites.
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u Virus

B Fruitfly
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¥ Plant

Figure 2.4 Expeﬁrmentally swpnorfed data of each species in TarBase.
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i !
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2.1.3 miRNAMap_ i,;i“i"f'_;. N 3

A previous research of our-group, mlRNAMap[23] is the database
collects experimentally verlﬁedh ;ImRNAs and target genes in several
metazoan genomes includes human, mouse, rat and etc. miRNAMap
employed three computational tools, miRanda, RNAhybrid and TargetScan,
to identify miRNA targets in 3’'UTR of genes. In the latest version of
miRNAMap (version 2.0)[24], we integrated more species and prediction
tools. Besides, we also consider the target accessibility of each target site.

The advancements and new features miRNAMap 2.0 is listed in Table 2.1.
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miRN,

Statistics

keyword in @ microRNA or

ome te ma RN

What's rew?

z ok

ez 5

More species

Mare prediction tools

mifNA farget accessibility
faster and More conprehensive

Release 2.0 ; July 2007

miRNAR )

Previous version - miRNAMap 1.0

" target gene : Homo sapiens

Downloads Tutorial

- |Sea1d1| Exampls|

Department of Biclogical Science and Technelogy,
Institute of Bicinformatics National Chiao Tung University, Hsinchu, Taiwan
Contact with: bryan@mail. NCTU.edu.tw

Figure 2.5 \Web page.of miRNAMap.

Table 2.2 Comparison.ofmiRNAMap-1.0.and 2.0.

Features

miRNAMap 1.0

miRNAMap 2.0

Known miRNAs

miRBase (version 6.0)

miRBase (version 9.2)

Supported species

human, mouse, rat and dog

2 insects, 9 vertebrates and 1 worm

Experimental
MiRNA targets

Surveying literature

TarBase and Surveying literature

mMiRNA expression

Lu. et al miRNA profiling in

Lu. et al miRNA profiling in human

profiling human Q-PCR miRNA profiling in human

Expression profiles NCBI-GEO-GDS596 (76 human

of miRNA targets tissues)

miRNA target . miRanda, RNAhybrid and
miRanda

prediction tools

TargetScan

Criteria for
filtering the
predicted miRNA
targets

predicted by at least two tools
target genes contained multiple sites
target site is accessible

Accessible region
of miRNA target
sites

Sfold

Tissue specificity
of human miRNAs

Q-PCR miRNA profiling (18 human
tissues)

12



2.1.4 miRGator

miRGator[25] is a system integrates target prediction, functional
analysis, gene expression and genome annotation of miRNAs supports the
human and mouse genomes. They use miRanda, PicTar and TargetScansS to
find out miRNA target genes and integrated functional annotation of both
mMiRNAs and its targets including expression, function, pathway, disease

terms. The schema of miRGator is shown in Fig. 2.2.

[ Database Integration and Analysis ]

microRNA

miRanda, PicTar, TargetScanS ( TargetmRNAs
9 L and proteins

i I !
T ==y =

miRBase =l athway Gene Set i
: Ontology || DB's Enrichment Analysis !

Integrated Expression DB miRNA-mRNA Enriched Function DB

* GEO miRNA-related entries Binding DB * Gene ontology
| *Hughes lab (mouse) * miRanda, PicTar + KEGG/GenMAPP/BioCarta

* Golub lab (human) TargetScanS * Disease ontology
| Web Interface - - -
i Target-Function - Expression Module miRNA Expression Module :
* miRNA vs. target mRNA matrix * Compendium of miRNA expression :
i | +Enriched GO, pathway, disease terms « Differential expression analysis !
i * Visualization of miRNA, mRNA and * miRNA expression profiling :
; protein expression & correlation study i

Figure 2.6 Overview schema of miRGator.
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2.2 miRNA Target Prediction Web Server

To provide a convenient environment for researchers who are interested
in the regulations of miRNA, many useful miRNA target prediction web

servers were developed.

2.2.1 miRTar

? | mirNAs
e === Human: 228:

miRBase:;Sequences | mouse: 266

Q dog: &
EJ Human, mouse, chicken: 125;

and rat miRNA zebrafish-177 UCSC conserved = = |
o= — regions of human,

mouse and rat L =

z - S

User-defined mature miRNA T——— 3'UTR
human: 137,350;
I mouse:  82,009;
e g dog: 2.84%9;

Filt

Lerng pracess lv hicken: 8.761;
zebrafish; 7.797

Local alignment

lmERNAftarget alignment candidates

Prediction of miRNA Targets

Improving the accuracy 1m|'Rar1daﬁargetScanfRNAhybrid

rnRI_f_lA-Suuo'ndar:f Structure analysis
[ |

v

miRMA target sites
h. T Poii T fleilie

7

GO, HGNC,
Ensembl

_——'——5"’

Figure 2.7 System flow of miRTar.

In our previous research, we developed a miRNA target prediction tool

14



named miRTar. It allows user input a user-defined miRNA sequence or the
accession number of known miRNA for identifying miRNA targets against
the conserved mRNA sequences of mammalian genes. Besides, miRTar
also provided some additional information such as the secondary structure
between mMIRNA and its targets. MiRTar can be accessed

at http://miRTar.mbc.nctu.edu.tw/.

2.2.2 microRNA.org

microRNA.org[26] is a resource of miRNA target predictions and
miRNA expression profiles. The target prediction is based on the
development of miRanda algorithm that computed optimal sequence
complementarity between mature miIRNA and its target using a weighted
dynamic programming-algorithm.-ln*addition*to miRNA target prediction,
they also integrated some mIRNA expression profiles including 172 human,

64 mouse and 16 rat small RNA libraries extracted from major organs and

cell types. microRNA.org:is available at http://www.microrna.org.

miRNA Search
miRNA(S): “rior 2 comma delimited list of miRNAS [[] fuzzy search {"let-7" will match "let-7a", "let-7b", etc.)

Species: Homo sapiens -

=

microRNA targst predictions: The microRNA.org resource: targets and ion. Betel D, Wilson M, Gabow A, Marks DS, Sander C.,
Mucleic Acids Res. 2008 Jan; 36(Database Issue): D145-53.
miRanda algorithm : Human MicroRNA targets, John B, Enright AJ, Aravin &, Tuschl T, Sander C, Marks DS., PLoS Siol. 2005 1ul;3
(7):2264.

mimatargeis@cbio.mskec.org | Biclegy | Memoriz | Sloan-Kettering Cancer Center
Copyright € 2008 Mamaorial | Sloan-Kettering Cancer Canter.

Figure 2.8 Web page of microRNA.org.
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http://mirtar.mbc.nctu.edu.tw/
http://www.microrna.org/

2.2.3 miTarget

miTarget o Introduction CEIT

miBNA seq.
(fasta format)
example

UTR seq.
(fasta format)
example

Input Parameters

Seed Match: Free energy
2 15 ked (Submit |

Contact jwnam@bisnu.ac.ke

Figure2.9 Web ‘page of miTarget.

Among the existing miRNA target prediction programs, most of them
identified the targets by considering the complementary between miRNA
and its target and the thermodynamics of miRNA/target duplex. In contrast
with those programs, miTarget[27] using a support vector machine (SVM)

classifier for miRNA target prediction.

The SVM features which were designed based on the RNA secondary
structure prediction results produced by RNAfold program in the Vienna

RNA Package [28, 29] and were categorized into three elements: structure

16



features, thermodynamic features and position-based features. The general
scheme of mMiIRNA:mRNA interactions were shown in Fig. 2.10. Finally, 41
features were chose to training the SVM model. Table 2.3 list the top 15

contributing features.

Total alignment

Seed region (5' part) ‘

G:U wobble pair

Figure 2.10-General scheme of miRNA:MmRNA interactions.

Table 2.3 The top 15 contributing-features:

Rank | Rank Score Feature

1 81.9 Position five

2 79.6 5' part free energy

3 79.1 Position six

4 78.9 Position four

S 78.9 AU matches at the 5' part
6 77.6 Mismatches at the 5' part
7 76.6 Matches at the 5' part

8 73.9 Total GU matches

9 73.4 Position seven

10 729 Position two

1 | 714 GU match at the 5' part
12 |170.8 GU match at the 3' part
13 170.3 Total AU matches

14 168.8 Position three

15 |68.6 Total free energy
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2.3 miRNA Target Prediction Software

At present, different computational methods have been developed for
identifying miRNA targets (Table 2.1). Because of the challenge of
predicting miRNA targets, there are several methods which can divide into
different categories. The most widely used method is focus on the
complementarity between miRNA and its targets and some methods require
strict complementarity to the seed region of miRNA [15, 16]. Except the
complementarity between two sequences, other methods were based on
thermodynamics and binding structure [18, 30, 31]. Besides, SVM is also
the method used to predict miRNA targets [27].

For each of the three prediction teols, miRanda, RNAhybrid and
TargetScan, we integrated in this ‘work -will be described in detail

following.

Table 2.4 Methods and reseurces of miRNA target prediction programs.

Method Data

Tool Type of method availability availability "C'°
miRanda Complementarity Download  Yes [17]
miRanda miRBase Complementarity Online Yes [22]
search
TargetScan Seed complementarity Seglrlgr? Yes [15]
TargetScanS Seed complementarity Seglr?r? Yes [16]
DIANA microT Thermodynamics Download  Yes [31]
PicTar Thermodynamics Yes [30]

Thermodynamics

RNAhybrid and statistical model Download (18]
. Online

miTarget SVMe Search [27]

TarBase Experimentally validated N/A Yes [20]

targets

18



2.3.1 miRanda

MiRanda[17] is the second published method of predicting miRNA
targets. It identifies the potential miRNA target binding sites by looking for

the high-complementarity regions on the target sequences using a weighted

dynamic programming algorithm (Fig 2.3). The scoring matrix used by this

algorithm is built based on that the bases at the 5’ end of the miRNA are

rewarded more than those at the 3’ end. The binding sites exhibiting perfect

or almost perfect match at the seed region of miRNAs display a better score.

The resulting binding sites are then evaluated thermodynamically, using the

Vienna RNA folding package [28, 29].

a b e
(a) (b) o ©
Drosophila 0. melanogaster  D. psaudoobscura
miANAs A. gambiae miRANA
targets
g ey
O 4 3 UTR Predicted 3' UTA
 E— LT  — VL) Flybase
annotation
g / Serting and
(c) miRanda algarithm (d) ra;'l.lgng J
Phase 1 Target selection - dynamic weighted complementarity Fosk HInGassing I

miANA 3' GUGUUG- -GUCG- - AUUGGUGUGACGGU 5' Phase 3 Cross-species conservation analysis

Target 5' AACAGCAGCAGCAATAGCAACGCTGCCA 3' D. melanogaster

— R AAAAA

Match Score: 118 —_—

Phase 2 Thermadynamic analysis - Vienna library \
»a

~
g a s
l—y o C-ti—G—U 5
. g g A a A~ =l
@ B DT, PSR TWRTIE g T 8.
A=A A e A a e B e e =g ER R
g 2 £—T =
Al —h 3Gy T n..G__-;___‘__.n L—a-C

D. pseudbobscura

= mam— LYY
A

[

gambiae
I S AAAAA
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Figure 2.11 System flow of miRanda.
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2.3.2 RNAhybrid

RNAhybrid[18] recognizes regions in the 3’-UTRs that have the
potential to form a thermodynamically favorable duplex with a specific
miRNA. The core algorithm of RNAhybrid is an extension of RNA
secondary structure prediction. Instead of a single sequence folding back to
itself like MFold, RNAhybrid determined the most favorable hybridization
site between miRNA and its potential target using an artificial linker.
Intra-molecular hybridizations base pairing between target nucleotides or
between miRNA nucleotides are not allowed. The time complexity of this
algorithm is linear in the target length, it allows many long sequences to be
search in a  short’/[time. ~ RNAhybrid is  available
at http://bibiserv.tec_hfak.uni-b,ielefeld.qle/r'nahvbrid/.

1

BiBiServ

Bielefeld University Bioinformatics Server

Tools Education “ Administration

RNAhybrid — welcome

RMNAhybrid is a tool for finding the minimum free energy hybridisation of a long and a short RNA. The hybridisation is performed ina
kind of domain made, ie. the short sequence is hybridized to the best fitting part of the long one. The tool is primarily meant as a
means for microRNA target prediction.

Welcome
Public Research assisted by RNAhybrid should cite: ‘Submission
Marc Rehmsmeier «, Peter Steffen, Matthias Héchsmann, Robert Giegerich D toad
Fast and effective prediction of microRNA/target duplexes ownloal
RN, 101507-1517, 2004, WabSarice
= carresponding author

Contact

Tru Ly 5 omEsi 2008

Figure 2.12 Web page of RNAhybrid.
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2.3.3 TargetScan

TargetScan[15] is the first method applied for human miRNA target
prediction using mouse, rat and fish genomes for conservation analysis.
Different from those methods looking for the complementary sites,
TargetScan requires the perfect complementarity to the seed region which
Is the position 2-8 of a miRNA numbered from 5’ end. This approach can
successfully reduce the false positive at the beginning of prediction process.
Moreover, TargetScan also consider the thermodynamic stability of each

potential binding site using RNAFold from the Vienna Package[32].

Predicﬁog)f microRNA targets Release 4.2: April 2008
Search for predicted microRNA targets in mammals [Go to TargetScanWorm]

[Go to TargetScanFly]
1. Select a species  Human ~
AND
2. Enter an Entrez Gene symbol (e.g. "LIN28")

AND/OR

3. Do one of the following:

« Select a highly conserved™ microRNA family Highly conserved microRNA families v
« Select a conserved™ microRNA family Conserved microRNA families ~

« Select a poorly conserved microRNA family Poorly conserved microRNA families -

« Enter a microRNA name (e.g. "mmu-miR-1")

Go to TargetScan Custom if your RNA is not included in the microRNA families listed above.

Submit | Reset|

* highly conserved = conserved across human(H), mouse(M), rat(R). dog(D), and chicken(C)

consenved = conserved across human(H), mouse(M), rat(R) and dog(D})

Figure 2.13 Web page of TargetScan.
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2.3.4 MirTarget

MirTarget [33] is an algorithm for detecting miRNA targets. The
algorithm combines relevant parameters for miRNA target recognition and
heuristically assigns different weights to these parameters according to
their relative importance. First step of this algorithm, miRNA seed
sequence (positions 2—8) was scanned against all human 3’-UTR sequences
to identify perfect complementary using a computer hashing technique.
Then the level of cross-species conservation of seed pairing was examined.
MirTarget evaluated orthologous sequences from five organisms and a
gene candidate was rejected if the perfect seed pairing was not found in the
orthologs from at least three' organisms. The miRNA/target site duplex
stability was evaluated by hinding .freeenergy (DG). DG values were
computed using RNAFold-[29]. Al candidate target site was rejected if the
DG value was higher-than -13 kcal/mol. If a candidate site passed these
screening filters, local sequence alignment was performed to extend the
alignment between miIRNA"and 22 bases downstream of the seed-binding
site in 30-UTR. Bases surrounding the seed sequences are important for
target recognition [16]. Thus limited seed extension was evaluated for
pairing to miRNA positions 1, 9 and 10. The longest stretch of perfect
matches (including positions 2—8) was considered as an extended seed for
raw score calculation. Different weights were assigned with the following
order to differentiate their relative importance: seed conservation > limited
seed extension > duplex binding stability > terminal base match. A score is

recorded if it is no less than the threshold value 30.
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miRNA IDs Predicted miRNA

targets
Gene orthologs Yes
(human, mouse, rat, dog, chicken)
a x High score?
3-UTR sequences | I miRNA sequences = )
Seed paifing? Compute target score
iRNA positions 2-8 1 Multiple UTR binding sites
2, Cross-species conservation
3. Seed sequence extension
4. Binding stability
Cross-species 5 Terminal base
conservation? b
High duplex Yes .| Local alignment

stability (AG)? for seed extension

Figure 2.14 The si le hart for. MirTarget. (Wang, X, 2006)
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Chapter 3 Materials and Method

3.1 Materials

In the systematic method for identifying miRNA target we propose in
this work, we integrated some biological data source and computational
programs. Table 3.1 and Table 3.2 show the biological data sources and

prediction programs integrated in this work respectively.

Table 3.1 Resources of biological data.

Data

Category \ersion Link Ref.
Source
Genome Ensembl 49 http:/www.ensembl.org/index.html [34]
Sequence
Known
miRNA miRBase 11.0 http://microrna.sanger.ac.uk/sequences/ [21]
Sequence
Gene NCBI
Iixp][_elssmn GEO http://wwav.nebi.nlm.nih.gov/projects/geo/ [35]
rofile

Table 3.2 Resources of computational tools.

Category Tool Name \ersion  Ref.
miRanda v19 [17]
miRNA Target Prediction RNAhybrid v21 [18]
TargetScan v 1.0b [15]
Target Accessibility Calculation  Sfold [36]
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3.1.1 miRNA sequences

miRBase::Sequences provides miRNA sequences data, annotation,
references and links to the other resources for all published miRNAs. The
latest version (release 11.0) of the database contains 6396 entries
representing hairpin precursor miRNAs, expressing 6211 miRNA products
from 72 species: a rapidly growth of over 2000 sequences in the past two

years.

W 2002/12 W 2003/11 M 2004/12 W 2005/10 6396
M 2006/02 W 2006/10 W 2007/12 ™ 2008/04 5395

4361

3424 3518
1420
593
218
e

2002/12 200311 2004/12 2005/10 2006/02 2006/10 2007/12 2008/04

Figure 3.1 The growth of miRBase from 2002 to 2008.

In this work, we extracted 678 human mMIRNA from

miRBase::Sequences (release 11.0).

3.1.2 Target genes

Several previous researches indicated that miRNA target sites are

25



conserved across species. In target prediction, considering target sites
conserved across multiple species is more likely to reduce the false
positives and also increasing the prediction efficiency [15, 17, 37]. Thus, in
this work we retrieved the 15,314 3’UTR from 7,907 human genes from
UCSC Genome Browser [38].

3.1.3 Sfold

Wadsworth Center - NYS Department of Health

Software for Statistical Folding and Rational Design of Nucleic Acids

HOME LICENSE INFO MANUAL FAQ VALIDATION CONTACT Tuesday July |

design

Target accessibility prediction and rational design of #rans-cleaving ribozymes

General features and output for statistical RINA folding

Energetic characteristics of hybridization between a structured target and a

© STarMir S e e

Figure 3.2 Web page of Sfold.

Sfold is a RNA secondary structure prediction tool using statistical
algorithm. In addition, Sfold also can be employed to predict the accessible

target regions for RNA-targeting nucleic acids.

The core algorithm of Sfold could be separated into two steps. In the
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forward step, it computes the equilibrium partition functions for all
substrings of an RNA sequence. In the backward step, it takes a recursive

sampling algorithm to draw secondary structures.

For prediction of accessible sites for targeting by antisense
oligonucleotides, Sfold using a probability profiling approach based on the
sampling algorithm[39]. On a profile for width W, the probability that W
consecutive bases are all unpaired is plotted against the first base o f the
segment. The target site was considered as accessible if there is at least one
peak > 0.5, the target site was considered moderate for a peak with
probability between 0.3 and 0.6, and the potential was low for a site with
probability < 0.3 of being single-stranded. Sfold 2.0 application server is

now available at http://[sfold.wadsworth.orq/.

3.1.4 Expression profiles of miIRNA.and target genes
In this work, we.ntegrated two data sets of miRNA expression profiles

which were obtained “by different experimental method, Q-PCR and

miRNA-based array[40] respectively.

Table 3.3 Details of expression profiles.

Category Author Method Description Ref.

224 human in 18 major
Q-PCR normal tissues in human

MiRNA . -
. 217 mammalian miRNAs
Lu et al. miRNA-bead array from 334 human samples [40]
Target Gene  Su etal, gene expression Coding genes in 79 human [41]

array-based tissues
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All 224 human in 18 major normal tissues in human were detected by
using a real-time PCR-based 220-plex miRNA expression profiling method
to determine the tissue-specificity to human miRNAs. In the Lu study, a
systematic expression analysis of 217 mammalian miRNAs from 334
human samples was detected by a bead-based flow cytometric miRNA

expression profiling method.

Except the expression profiles of miRNAs, we also collected the gene
expression profiles of coding genes in 79 human tissues. These data were
obtained from NCBI GEO (GEO accession: GSD596).

Figure 3.3 Cluster analysis of GDS596.
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Since the miIRNA downregulates its target gene, the expression profile
of miIRNA and its target genes are typically negatively correlated. The
Pearson correlation coefficient is computed from the expression profiles
both miRNA and target gene for each miRNA and its target gene (coding
gene). There are 13 overlapping human tissues between the Q-PCR data set
of the miRNA expression profiles and the GDS596 data set of the target
gene expression profiles. The details of the 13 overlapping tissues are listed
in Table 3.4.

Table 3.4 The 13 overlapping human tissues.

Index Tissue Index Tissue Indéx Tissue Index Tissue
1 Brain 5 Lung 9 Prostate 13  Trachea
2 Heart 6 Muscle 10 ' Testis
3 Kidney 7 Ovary 11 . Thymus
4 Liver 8 Placenta 12  Thyroid

3.2 System flow

Fig. 3.4 shows the flowchart of the systematic method of identifying

miRNA targets we propose in this work.
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Figure 3.4 System flow.

The inputs should be a specific mMIRNA and its overexpression profiles.
First, we identify«the ;downregulated genes by analysis the miRNA
overexpression profiles: This approach narrow down the search scope of
targets successfully and let the prediction process be more efficiently. To
support the input*miRNAS and- ‘targets, ‘the sequences of both known
mMIiRNAs and targets were retrieved from miRBase (release 11.0, April
2008)[21] and Ensembl (release'49, March 2008) [34] respectively.

For accelerating the identifying of miRNA targets against the prepared
target sequences, we applied a filtering strategy based on dynamic
programming which named iScan. iScan is a sequence local alignment
program using the simple sum-of-pair scoring function (SP scoring
function). For each kind of pair, G:C, A:T and G:U, iScan assigned score 6,
4 and 2 respectively. Otherwise, penalties of -3 and -5 are assigned for
mismatched pairs and a gap respectively. After this filtering process, only
those fragments which the score of alignment to a specific miRNA
sequence exceed the cutoff value would be retained. These retained

fragments are the candidates of miRNA targets and used as the search
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database.

Table 3.5 Score of each type of pairs.

G:.C AT G:U mismatch gap

Score 6 2 4 -3 -5

Subsequent to the filtering process, three computational prediction tools,
miRanda, TargetScan and RNAhybrid, are applied for identifying miRNA

targets.

To increase the accuracy of miRNA target prediction, we set four
criteria for filtering“the potential miRNA"targets predicted by the three
computational programs described above. The first criterion is target site
was predicted by at least two'tools among miRanda, TargetScan and
RNAhybrid. The second enerisrtarget-geneé contains multiple target sites.
Third, target site locates .in accessible regions which were calculated by
Sfold. The last one is target site locates in the both ends of target 3’-UTR.
All of these criteria were observing from the experimentally determined
mMiRNA target sites which were retrieved from TarBase and the detail about
these criteria will be elaborated in the following section of this chapter. The
results which remain after the filtering of these four criteria are the

potential miRNA targets of this specific miRNA.

The prediction algorithm of our method was named MRT. Besides the
basic information of the relationship between miRNA and its targets, we
also provide the expression data of both miRNA and its target to support

the prediction results.
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3.3 Filtering process of miRNA target prediction

In order to reduce the false positive and retain the more potential
MIRNA targets, we set four criteria by observing the experimentally data
we retrieved from TarBase and surveying previous researches. The detail of

these criteria will be described following.

Table 3.6 Four criteria of filtering process.

Description Number Percentage
Target site was predicted by at least two tools 28 35%
Target gene contains multiple targetisites 45 56.25%
Target site locates in 5’ end.or 3” end of target 3’ sUTR 55 68.75%
Target site locates in accessible regions 10 1.25%

3.3.1 Criterion 1: Target site was predicted by at least two

tools.

In this work, three common used computational prediction programs,
miRanda, RNAhybrid and TargetScan, were applied to identify miRNA
targets. This criterion reserve candidate miRNA targets which were

predicted by at least two tools (Fig. 3.4).
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Figure 3.5 Criteria of identifying miRNA targets.

3.3.2 Criterion 2: Target gene contains multiple target

sites.

Previous research:indicated that one gene can contain several miRNA
target sites. Thus, this criterion:keeps.the mIRNA targets that contain more
than two target sites. In the 80-experimentally data we retrieved from
TarBase, there are"48 unique‘genes and 15 of them contain multiple target
sites. For example,“the C..elegans'miRNA let-7 binds to night and eight
sites in NRAS and KRAS respectively.[42]. Otherwise, one of homebox
(HOX) clusters, HOXA7, also be regulated by miR-196 with 4 binding
sites[43]. Thus, after this filtering process, only those genes contain

multiple target sites would be kept.

3.3.3 Criterion 3: Target site locates in 5’ end or 3’ end of

target 3’-UTR.

Previous researches indicated that the function of a target binding site is
related to its location in 3’-UTR. The effective target sites preferentially
reside near the both end of the 3’-UTR[44, 45].
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Examined the experimentally data get from TarBase, we divide whole
3’-UTR into three equal parts (as Fig 3.5A), there are about 68.75% target
sites located in the both ends. To be stricter, we separated each 3’-UTR into
four equal parts (as Fig 3.5B) and there are still 48.75% of these target sites
reside in the quarter parts of both ends. Thus, this criterion keeps the

potential target sites which locate in the both ends of the target 3’UTR.
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Figure-3.6 Criterion 3 of identifying miRNA targets.

3.3.4 Criterion 4: Target site locates in accessible regions.

The structural elements in RNA secondary structure include helix,
hairpin loop, bulge loop, interior loop and multi-branched loop. These

elements make the RNA secondary structure more complicated.

Several studies suggested that the structure of miRNA target would
affect the miRNA biding ability. The sequence context that surrounds the
miRNA target sites influences the binding affinities of miRNA/target
duplex. Kertesz et al. [46] indicated that the secondary structures contribute
to target recognition, because there is an energetic cost to free base-pairing

interactions within mRNA in order to make the target accessible for



miRNA binding (Fig. 3.6). Long at el. [47] posited the accessible model of
miRNA target sites for predicting miRNA targets and successfully
interpreted the published data on the in vivo of C. elegans reporter genes

that contain modified lin-41 3’-UTR sequences.
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Figure 3.8 Criterion 4 of identifying miRNA targets.
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In this work, if the miRNAs hybridize to the target sites are located in
the accessible regions are more likely to be real, shown as Fig. 3.7. The

accessibility of target sequence is calculated by Sfold.
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Chapter 4 Results

4.1 Case study: miR-124

In this work, we used miR-124 as an example. miR-124 is highly
expressed in brain and kidney[40]. miR-124a was first identified by cloning
studies in mouse[48] and its expression was later verified in human
embryonic stem cells[40, 49]. There are 183 known miR-124 targets in

TarBase.
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Figure 4.1 Bead-array miRNA expression profile of miR-124.

We downloaded the miR-124 overexpression profiles from the NCBI
GEO database[35] for one published study (accession GSE6207). In the
Wang study[33], miR-124 and negative control miRNA were transfected
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into HepG2 cell line using the Reverse Transfection protocol recommend
by Ambion. The changes in global gene expression profiles were evaluated
by microarray experiments at 4, 8, 16, 24, 32, 72, and 120 h post
transfection using Affymetrix human U133Plus2 chip.

To narrow down the candidate target database, we analysis the
expression profiles to identify the downregulated genes before applying the
computational prediction programs. Array signals were normalized using R
which is a project of statistical computing. A gene was defined as
downregulated if the expression reduction was at least 50% compared with

negative control (fold change < -1).
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Figure 4.2 The amount of downregulated genes at each time point.

Examined the expression data, there were only a small number of genes
be downregulated by miR-124 at early stage (4 hour and 8 hours). The

amount of downregulated targets increasing rapidly during 16 hour to 72
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hour. Transfection time point at 72 hour has the most downregulated genes.
However, the rate of downregulated targets is slow down at the later points.
The amount of downregulated genes at each time point were shown in Fig.
4.2.

In this work, 744 genes were considered as the candidate targets and
there are 46 genes were recorded in TarBase as the experimentally
supported target genes of miR-124. Go through the system flow described
above, 227 of these candidate genes were predicted as the potential targets

of miR-124 and contained 709 target sites.
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Figure 4.3 The number of target sites satisfy the four criteria.
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Shown as Fig.4.3, There were a large number of target sites satisfied
criterion 2, target gene contains multiple target sites, and criterion 3, target
site locates in 5’ end or 3’ end of target 3’-UTR. Nevertheless, only a few
percentages of predicted target sites satisfied criterion 1, target site was
predicted by at least two tools, and criterion 4, target site locates in

accessible regions.

As described above, there were 46 experimentally tested miR-124
target genes in the candidate targets. 39 of these experimentally tested
miR-124 target genes were predicted as the potential targets by the
systematic method. Furthermore, there are three genes were satisfied all of
the four criteria we described above and also known as the target of
miR-124.

Table 4.1 39 experimentally targets of has-miR-124 predicted by MRT.

Gene Type Indirect Support Paper
ACAA2 | Downregulation/ - Microarray.assay AND Lim et al, 2005;
Cleavage Real-time RT-PCR assay Wang et al, 2006
AP1M2 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage
ARAF1 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage
ATP6VOE | Downregulation/ Microarray assay AND Lim et al, 2005;
Cleavage Real-time RT-PCR assay Wang et al, 2006
BAGALTL1 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage
FN5 Downregulation/ Microarray assay Lim et al, 2005
Cleavage
Cl4orf24 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage
FLJ20364 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage
CDl64 Downregulation/ Microarray assay AND Lim et al, 2005;
Cleavage Real-time RT-PCR assay Wang et al, 2006
CDCA7 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage
RAM?2 Downregulation/ Microarray assay Lim et al, 2005
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CDK4

CHSY1

ELOVL1

ELOVL5

F11R

G3BP

HADHSC

ITGB1

LASS?

LITAF

LRRC1

NEK®6

NME4

PLOD3

POLR3G

PTBP1

PTPN12

RYK

SLC15A4

SUCLG?2

SURF4

SYPL

TEAD1

TOMI1L1

MGC4083

Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/
Cleavage
Downregulation/

Microarray assay
Microarray assay

Microarray assay

Real-time RT-PCR assay

Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray assay
Microarray-assay
Microarray assay
Microarray assay
Microarray assay

Microarray assay

Real-time RT-PCR assay

Real-time RT-PCR assay

Microarray assay
Microarray assay
Microarray assay

Microarray assay

Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Wang et al, 2006
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005
Wang et al, 2006
Wang et al, 2006
Lim et al, 2005
Lim et al, 2005
Lim et al, 2005

Lim et al, 2005
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Cleavage

UHRF1 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage

VAMP3 | Downregulation/ Microarray assay AND Lim et al, 2005;
Cleavage Real-time RT-PCR assay Wang et al, 2006

ZBED3 | Downregulation/ Microarray assay Lim et al, 2005
Cleavage

4.2 has-miR-124 regulated the RYK and ARAF

RYK and ARAF are known as two targets of has-miR-124 [49]. In the
overexpression profiles of miR-124 (GSE6207), both RYK and ARAF
were first downregulated by miR-124 at 72 h. The gene expression profiles
between RYK and miR-124 :were shown in Fig. 4.2 and the gene
expression profiles between ARAF and miR-124 were shown in Fig. 4.3. It
iIs obvious that the both RYK -and ARAF negatively correlated with
miR-124. The Pearson’s correlations of RYK and ARAF are -0.48 and

-0.62 respectively:
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Figure 4.4 Gene expression profiles of RYK and miR-124.
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Figure 4.5 Gene expression profiles of ARAF and miR-124.

For increasing the.accuracy of prediction, four criteria were applied for
filtering out the false target sites. Either RYK or ARAF satisfied all of
these four criteria; were predicted by at least two tools, contain multiple

target sites, targetsites locate-inthe both end of target 3’-UTR and target

sites locate in accessibility:

4.3 Comparison with MirTarget

As introduced before, MirTarget is an algorithm for detecting miRNA
targets combining relevant parameters, with assigned different weights
according to the relative importance. A gene was defined as a target of a

specific miIRNA if the score is equal to or greater than thread hold value 30.
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Table 4.2 Comparison of MirTarget and MRT.

Features

MirTarget

MRT

Known miRNAS

miRBase (version 7.0)

miRBase (version 11.0)

Supported species

human, mouse, rat, dog,
chicken

2 insects, 9 vertebrates and 1 worm

Experimental miRNA
targets

TarBase and Surveying literature

MiRNA expression
profiling

Lu. et al miRNA profiling in human
Q-PCR miRNA profiling in human

Expression profiles of
miRNA targets

NCBI-GEO-GDS596 (76 human
tissues)

mMiRNA target
prediction tools

miRanda, RNAhybrid and
TargetScan

Criteria for filtering the
predicted miRNA
targets

predicted by at least two tools
target genes contained multiple sites
target site is accessible

Accessible region of
mMiRNA target sites

Sfold

Tissue specificity of
human miRNAs

Q-PCR miRNA profiling (18 human
tissues)

In the Wang-Study, they predicted the -potential miRNA targets of
miR-124 using MirTarget. Overall 8810 target genes, 131 candidate genes
received prediction-scores of MirFarget and 85 target genes (Table 4.3)
were predicted as targets of miR-124 (score =30). Of these 85 predicted

target genes, 76 were represented on the microarray (GSE6207).

However, 20 of these 76 potential miR-124 targets were the
experimentally supported targets recorded in TarBase. There are 5 target

genes were also predicted by our method.

Shown as Fig. 4.6, there are 39 and 20 known miRNA targets predicted
by MRT and MirTarget respectively. Only 5 of these 41 overlapping
targets were predicted by both MRT and MirTarget. There is 144 known
miR-124 targets did not predicted by MRT and most of these known targets
were filtering out during the microarray analysis process before

computational prediction. Thus, identifying a downregulated gene from
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microarray data is relevant to the prediction of miRNA targets in the
method we proposed. 41 targets were predicted by both of these programs

and the coverage ratio is 53.94%.

Targets predicted
by MRT

(Total : 288) =
I' . Known miR-124

Targets in TarBase
(Total : 183)

Targets predicted
by MirTarget
(Total : 76)

TITnTT
Figure 4.6 Number of real miR-124 target predicted by each tools.
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Chapter 5 Discussions

5.1 Identification of downregulated genes based on

microarray data

In order to increasing the accuracy of target prediction, we analysis the
overexpression profiles of a specific miRNA. There are many way to
analysis the expression profiles. The results of different analysis were
various. For example, in this work, we normalize the microarray signal by
using R. A gene was defined as downregulated if the expression reduction
was at least 50% compared with- negative control. However, there is still
some real target genes of miR-124 which recorded in TarBase were filtered
out by this filtering process. ~Thus; the definition of a group of
downregulated genes'without losing the realtarget genes is an important

issue.

5.2 Parameter optimization of iScan

Before using the computational program to identifying miRNA targets
we applied a sequence local alignment program, iScan, to filtering out the

fragments if their alignment scores do not exceed the cutoff.

However, each of the prediction tools integrated in this work were used
different methods. Such as TargetScan is focus on the complementary
between the seed region of miRNA and its targets. Instead of calculating
the alignment score between the whole length of potential target site and
mMiRNA, focus on the alignment between the seed region of miRNA and its

targets might keep more possible targets. Thus, toward different
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computational target prediction programs setting different parameters may

increase the accuracy of prediction.

5.3 The definition of a target site iIs accessible or not

will affect the performance of our method

To calculate the accessibility of target sequence, Sfold was applied in
our method. However, the cost time of predicting the sequence accessibility
iIs depend on the length of target genes. It might cost lots of time for
calculating the accessibility of a long sequence. It is not a time-consuming

way to predict target aceessibility.

A target site was considered as accessible if the average of accessibility
of the target site is >'0.5. However, the complementary between miRNA
and its targets might be imperfect and-previous studies indicated that most
of the target sites were perfectly complementary to the seed region of the
specific miRNA. Therefore; considering the accessibility of the position

2-7 of the target site 3° end maybe can let the prediction more accuracy.

5.4 Adding other useful criteria and applying scoring

function for filtering process

To increase the accuracy of target prediction, we set four criteria which
were the features observed from the experimentally tested targets for
filtering the potential miRNA targets predicted by the three computational

prediction tools applied in our method. However, in addition to these
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criteria we set, there still are other features were related to miRNAs and its
targets. We can discover other features and set them as our criteria for
improving our prediction. Moreover, these features have different relative
importance. If we applying a scoring function for these criteria may

improve our prediction.

5.5 Prospective works

To improvement the system of identifying miRNA targets, setting other
useful criteria by observing the known miRNA targets, integrated other
computational programs with different methods and adjust the parameters

of iScan for each program integrated in this system.
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Chapter 6 Conclusion

miRNA controls many cellular processes, it is important to identify
their targets with high accuracy. In this work, we propose a systematic
method of identifying miRNA targets. Users should provide the expression
profiles of the specific miRNA for us to identify a group of potential
miRNA target genes. In this approach, we can observe the reduction of
MRNA level, not just the amount of protein deriving from mRNA. Then
three common used computational prediction tools were integrated for
finding miRNA targets. To increase the accuracy of miRNA target
prediction, we observed the experimentally tested miRNA target sites and
developed several criteria. Moreover, swe also provided the expression
profiles of both miRNA and its target gene to describe miRNA/target
relationship. Finally, in -this work; we_concentrate the miRNA target
identification in human genome. However,«this systematic approach is

suitable for each species but-with different parameters.
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