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Abstract

Analvsis of a gene sequence, which is transcribed into RNA and then translated
into protein, is a difficult task. If this could be achieved, it would make possible
better understand how the organisms are developed from DNA information.
The behavior of gene is highly influenced by promoter sequences residing
upstream or downstream of the Transcription Start Site (TSS). The promoter
recognition process is a part of the complex process where genes interact with
each other over time and actually regulates the whole working process of a cell.
This paper attempts to develop an efficient algorithm that can successfully
distinguish promoters and non promoters by analyzing statistical data. A
learning model is developed from the known dataset to predict the unknown
ones.

Results: We have developed an efficient algorithm that can successfully
distinguish genes from non-gene sequences by analyzing statistical data. A
learning model is initially developed to train the Support Vector Machine
(SVM) to identify distinctive features between gene and non gene. Then this
context was used to predict other foreign sequence by the SVM. Our system
has been tested using standard plant prom data sequence from the EMBL and

the performances are: 0.86 for the Sensitivity and 0.90 for the specificity.
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CHAPTER1 INTRODUCTION

Introduction

1.1 BACKGROUND

Tl biological technology becomes popular science in recent years. Biologists try to
wwestigate the secrets of life by going into gene sequences. However the gene
seguence data grow too huge recently. Though some mathematicians have presented
mathematical or statistical method to discover features of gene sequences, it is still
wm=e consuming and inefficient if we study gene scientists get into the biological
wechnology, and give some methods which take advantages of computer power to see
B0 gene sequences.

“roteins perform a biological function by interacting with other proteins, compounds,
“* % and DNA. Understanding the characteristics of interfacial sites is a requirement

WHROCTOL

mterizcial sites is important in mutant design and drug design. The physical and

nemical aspects of the protein interface have been investigated in a number of

studies. As a result, general interfacial sites are widely recognized as being more

=vdrophobic, flat, and protruding than outer surfaces.

nderstanding the molecular recognition process. In addition, the ability to predict

The promoter plays an important role in DNA transcription. It is defined as the
seguence in the region of the upstream of the transcriptional start site (TSS) and

sponsible for the transcription from DNA to RNA. The related position of the
promoter in a DNA sequence is illustrated in Figure 1.1.

Transcriptional Transcriptional
Start Site Termination Site

ﬂ

ATG TAG

piliream Promoter Downstream
Figure 1.1: The promoter region in a DNA sequence

A promoter is required for a DNA sequence to be transcribed. In a DNA sequence
transcription, there must be a promoter in the sequence. When the promoter sequence
is bound with the RNA Polymerase I enzyme, the DNA sequence can be transcribed

Identification of Promoter through Stochastic Approach 1




_HAPTER1 INTRODUCTION

=0 mHNA sequence. The central dogma of molecular biology is shown in Figure

Transcription Translation

'.Jrl RNA Arl] Protein I

Figure 1.2: The central dogma of molecular biology

“mce the promoter ism located around the upstream of TSS in a DNA sequence, and

4 Polymerase I is always binding in that region. The transcription starts from

~ 57 of the DNA sequence, the 5> UTR (upstream of TSS) contains promoter

such as TATA-box), and the 3> UTR (downstream of TSS) contains stop codon.
rranslation stops when the stop codon is met.

=ver. some times even the upstream of TSS of a DNA sequence contains some
ramscriptional features, the promoter may not exist. Whether a DNA sequence
ramscribed or not can be verified biological experiments, but experiments are usually
=< consuming and take high cost. With the promoter prediction method, we may be
22 10 narrow down the promoter regions among massive DNA sequence. A farther

1.2 MOTIVATION

"he predominate quest of biological science is to understand how nature functions.
This discovery of the genetic code—the language a living organisms uses to produce
oroteins from a nucleic—acid template- was a major step toward understanding a
complex and intriguing biological process [1]. The use of informatics to organize,
manzage and analyze these data has consequently become an important element of
siology and medical research.

_enetic code resides in the gene of a living organism which actually produces protein
through a process of Transcription and Translation. To understand the transcriptional
crocess it is necessary to identify and characterize the promoter as the motifs. The
promoter region plays a role in triggering the transcriptional process.

“romoter actually resides mostly in the upstream of a Transcription Start Site (TSS)
vhich ensure the DNA sequence to be transcribed in to mRNA. In prokaryotes some
fcatures have been recognized in the upstream of a gene to be the indicator of a
promoter. Finding promoter sequences in eukaryotes are much more difficult than
finding promoter sequences in prokaryotes. As a result researchers mostly depend on
statistical data.

Despite the important role of promoters the numbers of genes whose promoters have
peen identified are limited [2]. Traditional biological methods are not enough to
maintain and annotate the ever growing vast genomic data. Many researchers are now
working to develop good and efficient computer algorithms to identify promoter
region from DNA sequence.

Identification of Promoter through Stochastic Approach 2



CHAPTER 1 INTRODUCTION

A number of studies have been carried out on promoter prediction using Hidden
Markov Model (HMM) and Artificial Neural Network (ANN). These different
methods show different success rates with different dataset [3, 4]. Most of these
methods identified promoter regions by analyzing various promoter features. A
machine is than trained with these features to identify an unknown promoter. This
work attempts to propose a method to identify promoter by examining certain features
which proliferantly prevails in promoter. A Support Vector Machine (SVM) [5]
working as a binary classifier is then trained with these features to individually
dentify promoter and non promoter.

1.3 OBJECTIVE

The principal objective of this project was to develop an efficient tool that can
discriminate between promoter and non-promoter in an unknown sequence with
proper accuracy. The results of promoter prediction with our approach in Plant,
Human, Drosophila, Mouse and Rat have clearly proved the validity of using
frequency distribution of 4mers in discrimination between promoter and non
promoter.

1.4 RELATED WORK

The main problem in working with biological data is that they do not produce a
svmbolic pattern recognition that provide control signal to the cellular protein-
production machinery. So a symbolic pattern-recognition task for which computers
are particularly well suited cannot be applied. Total gene of even a small virus can be
several hundreds to thousand bases long, so discovering patterns, is tedious and
repetitive. Researches are continuously trying to find some mechanism to discover
these patterns and associate it with protein production. In this research promoter
dentification plays a vital role as they provide the control signal to the genes which
sitimately triggers the translation and transcription of protein. Following are some
Jistinct features of promoter sequences that have been identified and mentioned in
several literatures.

ATA-Box CAAT box: A TATA box is DNA sequence found in the core promoter
region of prokaryotes and eukaryotes. The TATA box assists in directing RNA
nolymerase Il to the initiation site downstream on DNA [6, 7]. The two identified
promoter sequence are the -10 box and -35 boxes. -10 and -35 indicates that these
clements always appear around the position of -10 and -35 considering Transcription
Start Site (TSS) is at +1. The -10 box is TATA —box [3, 8, 9] and -35 id the CAAT
box [9].

CpG Island: There are regions of the DNA in a gene which have a higher
concentration of CpG sites, known as CpG Island. Roughly half of all genes in
mammalian genomes have CpG islands associated with the start of the gene. They
exist in approximately 40% of promoters of mammalian genes (about 70 % in human
promoters). Because of this, the presence of a CpG island is used to help in the

[dentification of Promoter through Stochastic Approach 3



— —_— R BN A Al VN A ANNSTAT LS Nl A AL

Zoton and annotation of genes. “CpG” stands for cytosine and guanine separated
: moosphate. which links the two nucleotides together in DNA [10, 11, 12].

«wwon and Engelbrecht used an artificial neural network to discover signals in the
ez of the TSS [4]. They attempted to predict whether a given DNA sequence

>3 Or not.

7 ¢t al. also used Hidden Markov Model (HMM) to characterize the

s otic and eukaryotic promoters. They used promoters from two species to train
“! 2 found that HMMs after training can be used to help to classify the
n promoters in prokaryotic [3].

=omoter has been identified using protein subunit composition [9]. Promoter has
» predicted from Homo sapiens DNA sequence by identifying the RNA-poll
~o¢ site in Gill and Tijan work, where they tried to find the comparative
messerement of this site by looking at the partly homologous bacterial subunits.
cremt data mining methods are also used for this purpose such as Positional
mec oo Matrix and Weight Matrix. The GBI (graph-Based Induction) method [13] is
«:nd of data mining methods. GBI is applied to minimize the size of the graph by

=0 2o nz identical pattern and assigning new nodes.

1.3 LAYOUT SYNTHESIS

L1 outline for the rest of this thesis will be structured as follows:

Chapter 1 — Introduction
“Iready have discussed above.

Chapter 2 — Literature Review

This chapter will contain all the relevant topics of the different areas related to
Bio Informatics and Molecular Biology, Promoter and Gene and different
promoter Identification Methods. The Support Vector Machine is also
discussed in this chapter. These studied areas will help establish a general
understanding and motivation for the thesis.

Chapter 3 — Problem Definition
This chapter will cover the Necessity of Promoter Identification Method and
the analysis of existing Different Promoter Identification Method.

Chapter 4 — Proposed Method and Data Preparation
In this chapter I discuss about my propose solution and the preparation of
required data.

entitication of Promoter through Stochastic Approach 4
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Chapter 5 — Experimental Results and Comparative Analysis

This chapter will present all of the results and performance produced
throughout the project. This will include results from analysis, design,
'mplementation and testing stages.

Chapter 6 — Conclusion and Further Scope
This concludes with an evaluation and discussion of the success or failure of
the projects’ outcome and also tried to give a direction for future.

[dentification of Promoter through Stochastic Approach 5
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Literature Review

~ ! "WHAT IS BIOINFORMATICS?

~wwmme the terms bioinformatics and computational biology is not necessarily an
“w twee. o the past few years, as the areas have grown, a greater confusion into
Bese 1erms has prevailed. For some, the terms bioinformatics and computational

? ~zv¢ become completely interchangeable terms, while for others, there is a

== @stinction [14].

swmwcznonal biology and bioinformatics are multidisciplinary fields, involving
wesesecners from different areas of specialty, including (but in no means limited to)
“w o computer science, physics, biochemistry, genetics, molecular biology and
munemmatics. The goal of these two fields [14] is as follows:

« Buinformatics: Typically refers to the field concerned with the collection and
worzge of biological information. All matters concerned with biological
Zatzbases are considered bioinformatics.

« Computational biology: Refers to the aspect of developing algorithms and
wztstical models necessary to analyze biological data through the aid of

» s respect, the understanding of bioinformatics and computational biology
< the definitions listed below:

Swenformatics: Research, development, or application of computational tools and
srowoaches for expanding the use of biological, medical, behavioral or health data,
moiwding those to acquire, store, organize, archive, analyze, or visualize such data.

“emputational Biology: The development and application of data-analytical and
Seoretical methods, mathematical modeling and computational simulation techniques
e study of biological, behavioral, and social systems.

biochemistry 7

control theory

Figure 2.1: Different fields of Bioinformatics

semiitication of Promoter through Stochastic Approach 6



CHAPTER 2 LITERATURE REVIEW

: Zzvs Bio informatics is becoming a very hot field. One reason behind is that it

=2t the human genome project which has generated a lot of popular interest.

wows 22vances in molecular biology techniques (such as genome sequencing and

momsarraes) have led to a large amount of data that needs to be analyzed. Now that

s¢ 10 having the human genome finished, what does it all mean? That’s

weme soommformatics steps in. Bioinformatics can lead to important discoveries as

2 nzip companies save time and money in the long run. In addition, there needs

= =zihods to manage large amounts of data. One of the biggest reasons for

S ormatics being a hot field is the old supply and demand adage. There just are

~cople adequately trained in both biology and computer science to solve the
wmemms that biologists need to have solved.

.2 INTRODUCTION TO MOLECULAR BIOLOGY

10 be a good computational biologist, it is important to understand the
wm= = ooy and basic processes behind the biological problems. Many interesting
seomioms arise out of sequence analysis. There are two different types of biological
wowences studied in this class: DNA/RNA and amino acids. But first I want to make
wms the basics are covered.

2.1 CELLS

o orzanism is made up of tiny structures called cells. Often these cells are too
=2 1o be seen with the naked eye. Each cell is in itself a complex system enclosed
= 2 membrane. Some organisms, such as bacteria and baker’s yeast are composed of
= 2 =ingle cell (i.e. they are unicellular). Other organisms are made up of many

o zrent cells (ie. they are multi cellular). For instance, the human body is composed
“zround 60 trillion cells. Humans have about 320 different cell types, each having a

2 “Terent type of function or structural property.

microtubules 7~ chromatin
. . R nuclear envelope
mitochondrion > nuclear porap nucleus
nucleolus

centriole R
Golgi complex

) - lysosome
vesicle :

cytosol
flagellum

; plasma membrane

=\ smooth
endoplasmic

endoplasmic )
reticulum

reticulum ribosomes

Figure 2.2: Structure of an animal cell [14]

cntification of Promoter through Stochastic Approach 7
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- pes of organis isms: eukaryotes and prokaryotes [14]. Eukaryotes (or as
“oo Low o the University of Oklahoma calls them the “You and I” Karyotes)

@ of the organisms which we can see, including plants and animals.
L= smon zs bacteria) are smaller than eukaryotic cells and have simpler

«arvotes are single cellular organisms (but not all single-celled

. PRt
-’ BN PROKAryoics:?)

.‘;‘—;— ",:

= we Cofference between the two types of cells? A eukaryotic cell has a
S won s separated from the rest of the cell by a membrane. Inside the
s twe chromosomes, where all of the genetic information for the organism is
* w22 won. eukaryotic cells contain membrane bound organelles with various
e mowding centrioles, lysosomes, mitochondria, ribosomes, etc.

wome wonn the nucleus are one or several long double stranded DNA molecules
sonoosl == chromosomes. For humans, there are 22 pairs of autosomes, as well as
) < chromosomes [14].  One copy of each pair is inherited from each

¥ era e

zure 2.3: Karyotype showing the 23 pairs of human chromosomes [14]

I22DNA

- - o

Bt smucleic Acid (DNA) is the basis for the building blocks encoding the
: som of life. A single stranded DNA molecule, called a polynucleotide or
“igwemer. s 2 chain of small molecules called nucleotides. There are four different
“uceotides, or bases: adenosine (A), cytosine (C), guanine (G) and thymine (T) [14].
zscs can be separated into two different types: purines (A and G) and

— A

es (C and T). The difference between purines and pyrimidines is in the base

= ng together a simple alphabet of four characters together we can get enough

ztion to create a complex organism! Different nucleotides can be strung
coiher 1o form a polynucleotide.  However, the ends of the polynucleotide are
o crent meaning that each polynucleotide sequence will have directionality. The
cmis of the polynucleotide are marked either 3° or 5°. The general convention is to
25! the coding strand from 5° to 3° (left to right).

1 of Promoter through Stochastic Approach 8




LHAPTER 2 LITERATURE REVIEW

Chromuosome
Nucleus

Tl

DHA(douDle hekx) -ﬁ‘:..
%;:;f

Z
>3

Figure 2.4: Snap of a DNA sequence within a cell [14]

o mstance, the following is a polynucleotide:
FL=T-2A-9A9A-6GHTHCHCHCHGCHTHTH>AHGHC Y

can be either single-stranded or double stranded. When DNA is double-
wamZed. the second strand is referred to as the reverse complement strand. This
neme s derived from the fact that the directionality of this second strand runs in the
coosiie direction as the first, and the fact that the bases in the second strand are
comrolementary to the bases in the first. Complementary bases are determined by
w2 pairs of nucleotides can form bonds between them. In the case of DNA, A
==2s o T, and C binds to G. For the polynucleotide given above, the double-
wranied polvnucleotide is as follows:

T E-oT-5A9A9AHGHOTHCHCHCHGCHT-HTHOAHGHC Y

ARRERREN

T AT TETE CEACGEEGEEGEE CACACTCGC B

» complementary polynucleotide chains form a stable structure known as the DNA
Zownle helix.  This spring represents the 50™ anniversary of the discovery of the
Zownie helix structure of DNA by Watson, Crick and Franklin.

“canion of Promoter through Stochastic Approach 9



MRAPTER 2 LITERATURE REVIEW

Figure 2.5: DNA double helix structure [14]

= this image. there appear to be two types of grooves: A larger one, which
major groove and a smaller one, known as the minor groove. In addition,
5

“wm e mowzhly 1025 base pairs in one complete turn of the helix.

$5wmacieic Acid (RNA) is similar to DNA in the fact that it is constructed from
3 == However, instead of thymine (T), an alternative base uracil (U) is found
© 0% HENA can be found as double-stranded or single-stranded, and can also be
= =+ brid helix where one strand is an RNA strand and the other is a DNA
e “* A is generally found as a single stranded molecule that may form a
woomcws structure or tertiary structures due to the complementary bases between
" »z same strand [15]. RNA folding will be discussed in detail during a later
~ o memo2 BRNA s important in the cell and contributes in a variety of ways. One

2w most important roles of RNA is in protein synthesis.  Two of the major RNA
mowowes ovolved in protein synthesis are messenger RNA (mRNA) and transfer

% Eschericiia cofi
—0 s RNase P RNA

C-»
-8
o

»

>

(]

g

b
»
>

pﬂ

c
LLLETT

.

hY

L0

s
comgugace €S
L - |
&cnucquulc
$

G
GAGACG GCGGAGSGG i
cUclac baclue gog
a c°Fq
mwm - B

B
rnnr >

= @~

- 1
8-8chcoae,
G

A
yucececedh
ek

cCOnO-O=~
a,

Figure 2.6: Secondary structure for E. coli Rnase P RNA [15]
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smooces the genetic information as copied from the DNA molecules.
" wmcmeiom s the process in which DNA is copied into an RNA molecule. The
o omzzr molecule is an mRNA transcript.  In eukaryotic cells, before the
= cu= ne wranslated into a protein, it needs to be modified [15]. The nature of
swwamonic genes is that the genes are created in pieces, where coding regions,
S wmems. are interspersed with noncoding regions, called infrons. One of the
“ooe o orocessing the mRNA is to remove the intronic regions and to splice together

w2 o exonic regions. The processed mRNA can then be transported from the
wo e e ranslated into a protein sequence.

Poly(A)
Exon lntTon ste Termination sites
Y
- \ Ty
™ M - =] N
Transcription
Pary RNA _ Cap \4 3
e siaaal Cleavage by =
endonuclease
5'e 3
Poly(A) polymerase
Jyﬁ\% ooy , pre-mRNA
O " ¥ processing
o . 100-250
\LﬂNA splicing
. '® A )
5 100—2503 J

Figure 2.7: mRNA processing

SIS tRNA

moiecules develop a well-defined three-dimensional structure which is critical

ne creztion of proteins. Attached to each tRNA molecule is an amino acid (which

» discussed momentarily). The amino acid to be attached is determined by a

wmee nase sequence called an anticodon sequence, which is complementary to the

@owence in the mRNA.  Translation is the process in which the nucleotide base

“owemce of the processed mRNA is used to order and join the amino acids into a
th the help of ribosomes and tRNA [15].

* Promoter through Stochastic Approach 11
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=5 AMINO ACIDS

< are the building blocks from which proteins are made. There are 20

o acids that vary from each other by their side chain groups. Amino

~c classified into different groups based on their solubility in water.

s amino acids are water soluable, while hydrophobic are not. This
we secomes important when a protein sequence is made. Amino acids are
= another via a single chemical bond, called a peptide bond. A linear

1o acids can be referred to as a peptide (if it is short — less than 30 a.a.

~o/ypeptide (which can be upwards of 4000 residues long).

Table 2.1: Amino Acid Codes

iOné-léttér Three-letter Full name

G GLY Glycine

A ALA Alanine

\% VAL Valine
L LEU §Leucinev

| ILE Isoleucine

F PHE Phenylalanine |
P PRO ~ Proline
S 'SER Serine

T THR  Threonine

C CYS Cysteine

M MET  Methionine
A\ TRP Tryptophan

 Promoter through Stochastic Approach 12




Y TYR Tyrosine

N ASN Asparagine D T

Q GLN Glutamine
D ASP Aspartic acid -- \
E GLU Glutamic acid b Y ﬂry
K LYS Lysine : )

R ARG Arginine .

H HIS Histidine

= polypeptides that have a three dimensional structure. They can be
-ough four different hierarchical levels:

= Frmmary structure — the sequence of amino acids constituting the polypeptide

» Seceadary structure — the local organization of the parts of the polypeptide
110 secondary structures such as o helices and 3 sheets.
» Tertary structure — the three dimensional arrangements of the amino acids
react to one another due to the polarity and resulting interactions
7 their side chains.
. saternary structure — if a protein consists of several protein subunits held
-. then the protein can be described as well by the number and relative
15 of the subunits.
Visualization of Protein Structures.

-__.--'..'; élpha helix Blue: Monomer A
2 Beta Sheets Orange: Monomer B
Figure 2.10: Protein Structure [15]

rer through Stochastic Approach 13
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~wwmz the secondary and tertiary structure of a protein given its primary
“wre = not an easy task. Protein folding prediction will be covered at some point
»e end of the semester.

Smesmer — Any small molecule that can be linked with others of the same type to
== & 2o ~mer. For the purpose of this class, the molecules could be nucleic acids,

e acads. or proteins.

Simer - w0 small molecules of the same type linked together.
~ =mer — oree small molecules of the same type linked together.

W mer — General term for a short polymer most commonly consisting of nucleic
s o 2mino acids.
“wmer — Any large molecule consisting of multiple identical or similar subunits
szt & covalent bonds.

"t oozl together, we get the flow of genetic information. That is, DNA directs
“w wmocsis of RNA, and RNA then in turn directs the synthesis of protein. This

cenetic information from nucleic acids to protein has been called the Central
w0 Molecular Biology.

Transeription mmm DNA

%ﬂi‘{{};‘;&%@ RNA

mRNA tRNAs
Translation Ribosons ..* PROTEIN
1 _:_! ; .‘_".J‘."‘ \“‘_"I
Attoched
4 omino ocid

. \, Grewi
w--n‘&ﬁ i

Figure 2.11: Central Dogma of Molecular Biology [15]
=27 GENOME, TRANSCRIPTOME, PROTEOME

semever the term genome is used, it typically refers to the chromosomal DNA of an
szzmsm. or as far as sequencing is concerned, the heterochromatic regions of the
somal DNA. The number of chromosomes and genome size varies quite
== “cantly from one organism to another. An example list of genome sizes is given

3-_n t be fooled by this table that the size of the genome and the number of

r1on of Promoter through Stochastic Approach 14
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genes determines the complexity of an organism. In fact, many plant genomes are
much greater in size than the human genome!

Table 2.2: Chromosomes, Genes and Genome Sizes in different Organisms

ORGANISM CHROMOSOMES | GENOME SIZE | GENES
Homo sapiens | 23 3,200,000,000 ~ 30,000
(Humans)

Mus musculus 20 2,600,000,000 ~30,000
(Mouse)

Drosophila 4 180,000,000 ~18,000
melanogaster (Fruit

Fly)

Saccharomyces 16 14,000,000 ~6,000
cerevisiae (Yeast)

Zea mays (Corn) 10 2,400,000,000 777

The term transcriptome refers to the complete collection of all possible mRNAs
(including splice variants) of an organism. This can be thought of as the regions of an
organism’s genome that get transcribed into messenger RNA. In some cases, the
transcriptome can be extended to include all transcribed elements, including non-
coding RNAs used for structural and regulatory purposes.

The term proteome refers to the complete collection of proteins that can be produced
by an organism. The proteome can be studied either as a static (sum of all proteins
possible) or a dynamic (all proteins found at a specific time point) entity.

2.3 PROTEIN METABOLISM

Proteins are the end products of most information pathways. A typical cell requires
thousands of different proteins at any given moment. These must be synthesized in
response to the cell’s current needs, transported (targeted) to their appropriate cellular
locations, and degraded when no longer needed.

An understanding of protein synthesis, the most complex biosynthetic process, has
been one of the greatest challenges in biochemistry. Eukaryotic protein synthesis
involves more than 70 different ribosomal proteins; 20 or more enzymes to activate
the amino acid precursors; a dozen or more auxiliary enzymes and other protein
factors for the initiation, elongation, and termination of polypeptides; perhaps 100
additional enzymes for the final processing of different proteins; and 40 or more kinds
of transfer and ribosomal RNAs. Overall, almost 300 different macromolecules
cooperate to synthesize polypeptides. Many of these macromolecules are organized
into the complex three-dimensional structure of the ribosome [15].

To appreciate the central importance of protein synthesis, consider the cellular
resources devoted to this process. Protein synthesis can account for up to 90% of the
chemical energy used by a cell for all biosynthetic reactions. Every prokaryotic and
eukaryotic cell contains from several to thousands of copies of many different
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proteins and RNAs. The 15,000 ribosomes, 100,000 molecules of protein synthesis—
related protein factors and enzymes, and 200,000 tRNA molecules in a typical
bacterial cell can account for more than 35% of the cell’s dry weight.

Despite the great complexity of protein synthesis, proteins are made at exceedingly
high rates. A polypeptide of 100 residues is synthesized in an Escherichia coli cell (at
37 _C) in about 5 seconds. Synthesis of the thousands of different proteins in a cell is
tightly regulated, so that just enough copies are made to match the current metabolic
circumstances. To maintain the appropriate mix and concentration of proteins, the
targeting and degradative processes must keep pace with synthesis. Research is
gradually uncovering the finely coordinated cellular choreography that guides each
protein to its proper cellular location and selectively degrades it when it is no longer
required.

2.3.1 THE GENETIC CODE

Three major advances set the stage for our present knowledge of protein biosynthesis.
First, in the early 1950s, Paul Zamecnik and his colleagues designed a set of
experiments to investigate where in the cell proteins are synthesized. They injected
radioactive amino acids into rats and, at different time intervals after the injection
removed the liver, homogenized it, fractionated the homogenate by centrifugation,
and examined the subcellular fractions for the presence of radioactive protein. When
hours or days were allowed to elapse after injection of the labeled amino acids, al/ the
subcellular fractions contained labeled proteins. However, when only minutes had
elapsed, labeled protein appeared only in a fraction containing small
ribonucleoprotein particles. These particles, visible in animal tissues by electron
microscopy, were therefore identified as the site of protein synthesis from amino
acids, and later were named ribosomes.

The second key advance was made by Mahlon Hoagland and Zamecnik, when they
found that amino acids were “activated” when incubated with ATP and the cytosolic
fraction of liver cells. The amino acids became attached to a heat-stable soluble RNA
of the type that had been discovered and characterized by Robert Holley and later
called transfer RNA (tRNA), to form aminoacyl-tRNAs. The enzymes that catalyze
this process are the aminoacyl-tRNA synthetases [15].

The third advance resulted from Francis Crick’s reasoning on how the genetic
information encoded in the 4- letter language of nucleic acids could be translated into
the 20-letter language of proteins. A small nucleic acid (perhaps RNA) could serve
the role of an adaptor, one part of the adaptor molecule binding a specific amino acid
and another part recognizing the nucleotide sequence encoding that amino acid in an
mRNA (Fig. 27-2). This idea was soon verified. The tRNA adaptor “translates” the
nucleotide sequence of an mRNA into the amino acid sequence of a polypeptide. The
overall process of mRNA-guided protein synthesis is often referred to simply as
translation [15].
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These three developments soon led to recognition of the major stages of protein
synthesis and ultimately to the elucidation of the genetic code that specifies each

amino acid.

Since there are 4 possible bases (A, C, G, U) and 3 bases in the codon, there are 4 * 4
* 4 = 64 possible codon sequences. However, the codon AUG can also be used as a
signal to initiate translation, while the codons UAA, UAG, and UGA are terminal
codons signaling the end of translation. That leaves a 61 codon sequences that can
code for amino acids (AUG can also code for an amino acid). However, there are
only 20 amino acids. Therefore the genetic code is redundant, meaning that a single
amino acid could be coded for by several different codons.

Table 2.3:

Genetic Code

U & A G
UUU Phe [F]  UCU Ser[S] UAU Tyr[Y] UGU Cys[C] U
UUC Phe [F] = UCC Ser[S] UAC Tyr[Y] UGC Cys[C] C |
UUALeu[L] UCASer[S] UAASTOP UGASTOP A |
F UUG Leu [L]  UCG Ser[S]  UAGSTOP UGG Tip [W] G |
1 ) §
I CUULeu[L] |CCUPro[P] |CAUHis [H] CGUArg[R] U |
: o CUC Leu[L] CCCPro[P] CACHis[H] CGCArg[R] C
CUALeu[L] CCAPro[P] CAAGIn[Q] CGAArg[R] A |
P CUGLeu[L] CCGPro[P] CAGGIn[Q] CGGArg[R] G
;’ AUUIle [I] 'ACUThr[T] AAUAsn[N] AGUSer [S] U
i s AUCIle [I] ACCThr[T] AAC Asn[N] AGCSer [S] C
t AUATle [I] ACAThr[T] AAALys[K] AGAArg[R] A
i AUG Met [M] ACG Thr[T] AAGLys [K] AGGArg[R] G |
0
n GUU Val [V] GCU Ala[A] GAUAsp [D] GGUGIy[G] U |
= GUC Val [V]  GCC Ala[A] GAC Asp[D] GGCGly[G] C
- GUAVal[V] GCAAla[A] GAAGIu[E] GGAGIy[G] A
GUG Val [V] | GCG Ala[A] GAGGlu [E] GGGGly[G] G |

Note that the initiator codon is labeled in green, and the terminal codons are labeled in
red. The first column gives the triplet base; the second the three letter amino acid
label, and the third the one letter amino acid label [15].
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2.3.2 PROTEIN SYNTHESIS

As we have seen for DNA and, the synthesis of polymeric biomolecules can be
considered in terms of initiation, elongation, and termination stages. These
fundamental processes are typically bracketed by two additional stages: activation of
precursors before synthesis and post synthetic processing of the completed polymer.
Protein synthesis follows the same pattern. The activation of amino acids before their
incorporation into polypeptides and the posttranslational processing of the completed
polypeptide play particularly important roles in ensuring both the fidelity of synthesis
and the proper function of the protein product. The cellular components involved in
the five stages [15] of protein synthesis in E. coli and other bacteria are listed in Table
2.4; the requirements in eukaryotic cells are quite similar, although the components
are in some cases more numerous. An initial overview of the stages of protein
synthesis provides a useful outline for the discussion that follows.

Protein Biosynthesis Takes Place in Five Stages

Stage 1: Activation of Amino Acids For the synthesis of a polypeptide with a defined
sequence, two fundamental chemical requirements must be met: (1) the carboxyl
group of each amino acid must be activated to facilitate formation of a peptide bond,
and (2) a link must be established between each new amino acid and the information
in the mRNA that encodes it. Both these requirements are met by attaching the amino
acid to a tRNA in the first stage of protein synthesis. Attaching the right amino acid to
the right tRNA is critical. This reaction takes place in the cytosol, not on the
ribosome. Each of the 20 amino acids is covalently attached to a specific tRNA at the
expense of ATP energy, using Mg2 - dependent activating enzymes known as
aminoacyltRNA synthetases. When attached to their amino acid (aminoacylated) the
tRNAs are said to be “charged.”

Stage 2: Initiation The mRNA bearing the code for the polypeptide to be made binds
to the smaller of two ribosomal subunits and to the initiating aminoacyl-tRNA. The
large ribosomal subunit then binds to form an initiation complex. The initiating
aminoacyl-tRNA basepairs with the mRNA codon AUG that signals the beginning of
the polypeptide. This process, which requires GTP, is promoted by cytosolic proteins
called initiation factors.

Stage 3: Elongation The nascent polypeptide is lengthened by covalent attachment of
successive amino acid units, each carried to the ribosome and correctly positioned by
its tRNA, which base-pairs to its corresponding codon in the mRNA. Elongation
requires cytosolic proteins known as elongation factors. The binding of each incoming
aminoacyl-tRNA and the movement of the ribosome along the mRNA are facilitated
by the hydrolysis of GTP as each residue is added to the growing polypeptide.
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Table 2.4: Components Required for the Five Major Stages of Protein Synthesis in E.
coli

Stage Essential Components
1. Activation of amino acids 20 amino acid
20 aminoacyltRNA synthetases
32 or more tRNAs
Mg2+

2. Initiation mRNA
N-Formylmethionyl-tRNA fmet
Initiation codon in mRNA (AUGQG)

30S ribosomal subunit

50S ribosomal subunit

Initiation factors (IF-1, IF-2, IF-3)
GTP

Mg**

3. Elongation Functional 70S ribosome (initiation
complex)

Aminoacyl-tRNAs specified by codons
Elongation factors (EF-Tu, EF-Ts, EF-G)
GTP

Mg2+

4. Termination and Release Termination codon in mRNA

Release factors (RF-1, RF-2, RF-3)

5. Folding and  posttranslational | Specific enzymes, cofactors, and other
processing components for removal of initiating
residues and signal sequences,

additional proteolytic processing,
modification of

terminal residues, and attachment of
phosphate,

methyl, carboxyl, carbohydrate, or
prosthetic groups

Stage 4: Termination and Release Completion of the polypeptide chain is signaled
by a termination codon in the mRNA. The new polypeptide is released from the
ribosome, aided by proteins called release factors.

Stage 5: Folding and Posttranslational Processing In order to achieve its
biologically active form, the new polypeptide must fold into its proper three-
dimensional conformation. Before or after folding, the new polypeptide may undergo
enzymatic processing, including removal of one or more amino acids (usually from
the amino terminus); addition of acetyl, phosphoryl, methyl, carboxyl, or other groups
to certain amino acid residues; proteolytic cleavage; and/or attachment of
oligosaccharides or prosthetic groups.
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2.3.3 PROTEIN TARGETING AND DEGRADATION

The eukaryotic cell is made up of many structures, compartments, and organelles,
each with specific functions that require distinct sets of proteins and enzymes. These
proteins (with the exception of those produced in mitochondria and plastids) are
synthesized on ribosomes in the cytosol, so how are they directed to their final
cellular destinations.

Proteins destined for secretion, integration in the plasma membrane, or inclusion in
lysosomes generally share the first few steps of a pathway that begins in the
endoplasmic reticulum. Proteins destined for mitochondria, chloroplasts, or the
nucleus use three separate mechanisms. And proteins destined for the cytosol simply
remain where they are synthesized.

The most important element in many of these targeting pathways is a short sequence
of amino acids called a signal sequence [15]. The signal sequence directs a protein to
its appropriate location in the cell and, for many proteins, is removed during transport
or after the protein has reached its final destination. In proteins slated for transport
into mitochondria, chloroplasts, or the ER, the signal sequence is at the amino
terminus of a newly synthesized polypeptide. In many cases, the targeting capacity of
particular signal sequences has been confirmed by fusing the signal sequence from
one protein to a second protein and showing that the signal directs the second protein
to the location where the first protein is normally found. The selective degradation of
proteins no longer needed by the cell also relies largely on a set of molecular signals
embedded in each protein’s structure.

2.4 INTRODUCTION TO PROMOTER AND GENE

2.4.1 PROMOTER

In biology, a promoter is a regulatory region of DNA located upstream (towards the 5'
region) of a gene, providing a control point for regulated gene transcription [16].

The promoter contains specific DNA sequences that are recognized by proteins
known as transcription factors. These factors bind to the promoter sequences,
recruiting RNA polymerase, the enzyme that synthesizes the RNA from the coding
region of the gene [17].

In prokaryotes, the promoter is recognized by RNA polymerase and an associated
sigma factor, which in turn are brought to the promoter DNA by an activator protein
binding to its own DNA sequence nearby [18].

In eukaryotes, the process is more complicated, and at least seven different factors are
necessary for the transcription of an RNA polymerase II promoter.

Promoters represent critical elements that can work in concert with other regulatory
regions (enhancers, silencers, boundary elements/insulators) to direct the level of
transcription of a given gene [19].
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It is worth noting that promoters are not DNA specific, and can in fact locate
upstream towards the 3' end of a RNA genome, e.g. Respiratory Syncytial Virus
(RSV).

Identification of relative location:

As promoters are typically immediately adjacent to the gene in question, positions in
the promoter are designated relative to the transcriptional start site, where
transcription of RNA begins for a particular gene (i.e., positions upstream are
negative numbers counting back from -1, for example -100 is a position 100 base
pairs upstream) [20].

Promoter Elements

Core promoter - the minimal portion of the promoter required to properly initiate
transcription [17].

Transcription Start Site (TSS): Approximately -34, A binding site for RNA
polymerase

RNA polymerase I: transcribes genes encoding ribosomal RNA.

RNA polymerase II: transcribes genes encoding messenger RNA and certain small
nuclear RNAs.

RNA polymerase IlI: transcribes genes encoding tRNAs and other small RNAs.

This type of promoter has General transcription factor binding sites.

Proximal promoter - the proximal sequence upstream of the gene that tends to contain
primary regulatory elements [19, 17].

Transcription Start Site (TSS): Approximately -34

This type of promoter has Specific transcription factor binding sites

Distal promoter - the distal sequence upstream of the gene that may contain additional
regulatory elements, often with a weaker influence than the proximal promoter [20].
Transcription Start Site (TSS): Anything further upstream (but not an enhancer or
other regulatory region whose influence is positional/orientation independent).

This type of promoter has Specific transcription factor binding sites.

Prokaryotic promoters

In prokaryotes, the promoter consists of two short sequences at -10 and -35 positions
upstream from the transcription start site. Sigma factors not only help in enhancing
RNAP binding to the promoter but helps RNAP target which genes to transcribe [18].
The sequence at -10 is called the Pribnow box, or the -10 element, and usually
consists of the six nucleotides TATAAT. The Pribnow box is absolutely essential to
start transcription in prokaryotes [21].

The other sequence at -35 (the -35 element) usually consists of the six nucleotides
TTGACA. Its presence allows a very high transcription rate.

Both of the above consensus sequences, while conserved on average, are not found
intact in most promoters. On average only 3 of the 6 base pairs in each consensus
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sequence is found in any given promoter. No promoter has been identified to date that
has intact consensus sequences at both the -10 and -35; it is thought that this would
lead to such tight binding by the sigma factor that the polymerase would be unable to
initiate productive transcription [19].

It should be noted that the above promoter sequences are only recognized by the
sigma-70 protein that interacts with the prokaryotic RNA polymerase. Complexes of
prokaryotic RNA polymerase with other sigma factors recognize totally different core
promoter sequences.

Eukaryotic promoters

Eukaryotic Promoters are extremely diverse and are difficult to characterize. They
typically lie upstream of the gene and can have regulatory elements several kilobases
away from the transcriptional start site. In eukaryotes, the transcriptional complex can
cause the DNA to bend back on itself, which allows for placement of regulatory
sequences far from the actual site of transcription. Many eukaryotic promoters, but by
no means all, contain a TATA box (sequence TATAAA), which in turn binds a
TATA binding protein which assists in the formation of the RNA polymerase
transcriptional complex. The TATA box typically lies very close to the
transcriptional start site (often within 50 bases) [18].

Eukaryotic promoter regulatory sequences typically bind proteins called transcription
factors which are involved in the formation of the transcriptional complex. An
example is the E-box (sequence CACGTG), which binds transcription factors in the
basic-helix-loop-helix (bHLH) family (e.g. BMAL1-Clock, cMyc) [21].

2.4.2 GENE

A gene is a locatable region of genomic sequence, corresponding to a unit of
inheritance, which is associated with regulatory regions, transcribed regions and/or
other functional sequence regions [22,23]. The physical development and phenotype
of organisms can be thought of as a product of genes interacting with each other and
with the environment [24], and genes can be considered as units of inheritance. A
concise definition of gene taking into account complex patterns of regulation and
transcription, genic conservation and non-coding RNA genes has been proposed by
Gerstein et al "A gene is a union of genomic sequences encoding a coherent set of
potentially overlapping functional products" [25].

In cells, genes consist of a long strand of DNA that contains a promoter, which
controls the activity of a gene, and a coding sequence, which determines what the
gene produces. When a gene is active, the coding sequence is copied in a process
called transcription, producing an RNA copy of the gene's information. This RNA can
then direct the synthesis of proteins via the genetic code. However, RNAs can also be
used directly, for example as part of the ribosome. These molecules resulting from
gene expression, whether RNA or protein, are known as gene products.

Identification of Promoter through Stochastic Approach 22



CHAPFIER Z LITERATURE REVIEW

Most genes contain non-coding regions that do not code for the gene products, but
regulate gene expression. The genes of eukaryotic organisms can contain non-coding
regions called introns that are removed from the messenger RNA in a process known
as splicing. The regions that actually encode the gene product, which can be much
smaller than the introns, are known as exons. In eukaryotes, one single gene can lead
to the synthesis of multiple proteins through the different arrangements of exons
produced by alternative splicing. In prokaryotes, such as bacteria and achaea, genes
are arranged in operons with promoter and operator sequences regulating transcription
of an RNA that contains multiple coding sequences that produce multiple proteins.

The total complement of genes in an organism or cell is known as its genome. An
organism's genome size is generally lower in prokaryotes such as bacteria and archaea
have generally smaller genomes, both in number of base pairs and number of genes,
than even single-celled eukaryotes. However, there is no clear relationship between
genome sizes and perceived complexity of eukaryotic organisms. One of the largest
known genomes belongs to the single-celled amoeba Amoeba dubia, with over 670
billion base pairs, some 200 times larger than the human genome [26]. The estimated
number of genes in the human genome has been repeatedly revised downward since
the completion of the Human Genome Project; current estimates place the human
genome at just under 3 billion base pairs and about 20,000-25,000 genes [27]. A
recent Science article gives a final number of 20,488, with perhaps 100 more yet to be
discovered [28]. The gene density of a genome is a measure of the number of genes
per million base pairs (called a megabase, Mb); prokaryotic genomes have much
higher gene densities than eukaryotes. The gene density of the human genome is
roughly 12-15 genes/Mb [29].

Functional structure of a gene

All genes have regulatory regions in addition to regions that explicitly code for a
protein or RNA product. A universal regulatory region shared by all genes is known
as the promoter [16], which provides a position that is recognized by the transcription
machinery when a gene is about to be transcribed and expressed. Although promoter
regions have a consensus sequence that is the most common sequence at this position,
some genes have "strong" promoters that bind the transcription machinery well, and
others have "weak" promoters that bind poorly. These weak promoters usually permit
a lower rate of transcription than the strong promoters, because the transcription
machinery binds to them and initiates transcription less frequently. Other possible
regulatory regions include enhancers, which can compensate for a weak promoter.
Most regulatory regions are "upstream" — that is, before or toward the 5' end of the
transcription initiation site. Eukaryotic promoter [18, 21] regions are much more
complex and difficult to identify than prokaryotic promoters [16].

Many prokaryotic genes are organized into operons, or groups of genes whose
products have related functions and which are transcribed as a unit. By contrast,
eukaryotic genes are transcribed only one at a time [30], but may include long
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stretches of DNA called introns which are transcribed but never translated into protein
(they are spliced out before translation) [31].

2.5 SUPPORT VECTOR MACHINE (SVM)

Support vector machines (SVM) are supervised learning algorithms proposed by
Vapnik (Vapnick, 1995). Data examples labeled as positive or negative are projected
into a high-dimensional feature space using a kernel, and the hyper-plane in the
feature space is optimized to maximize the margin between the positive and negative
examples.

We used LibSVM [32]. Only user-defined kernel subroutines were implemented. In
this application, linear, polynomial, Radial Bias Function (RBF), and Gaussian
kernels and their sum and product kernels are used. The RBF performs the best when
vector data is to be mapped from linear to multidimensional hyperplane margin and
we therefore report only the results for the RBF kernel.

Since the SVM optimizes the success ratio for whole sequences but does not optimize
the recall and precision (defined below) of interaction sites, prediction performance
depends on the ratio of negative and positive data in the learning process. According
to the definition, only about 20% of a whole sequence is interaction site residues. If
all data are used as learning samples, the prediction result at the default discriminant
value (=zero) shows high precision and low recall. Accordingly, half the negative data
(non-interaction site residues) were randomly removed from the learning sets when
whole sequence residues were used as feature vectors, while a third of the negative
data was randomly removed when only surface residues were used as feature vectors
in Table 2.5 [33]. Basically, when the recall-FP/(FP+TP) curves were generated, all
the data were used.

Since there was sufficient data for homo-hetero mixed validation (if three-fold cross
validation was used, the learning time is too long), leave 375 (=2/3*563) cross
validation was used. For homo and hetero complex validation, five-fold and three-fold
cross validation were used, respectively. In predicting interaction site ratios, ten-fold
cross validation was used for mixed homo and hetero validation data. When no
explicit statement is made, “homo-hetero mixed data” was used.

For homo-hetero mixed validation data, “filtering by boosting “(Schapire, 1990),
which converts a weak learning algorithm into a stronger learning machine, was also
applied. This consisted of the following steps. First, the SVM learned using N
samples (abbreviated as SVM-1). Using SVM-1 and a random number, N/2: wrongly
predicted (false negative or false positive) samples and N/2: correctly predicted (true
positive or true negative) samples were gathered. They became the learning set for
SVM-2 [for details see Schapire, 1990]. Next, the N samples that were predicted
differently by SVM-1 and SVM-2 were collected and these became the learning set
for SVM-3. The predictions were decided according to the majority of SVM-1, SVM-
2, and SVM-3 predictions. Using this method, ten-fold cross validation was carried
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Table 2.5: The recall and precision of each feature vector

Data-type: feature vector' | recall” (%) | precision’ success rateat | success rate at

(%) whole sequence* surface’ (%)
(%)

mix® : whole sequence’ 28.8 26.4(20.0) 69.1 (66.6) 63.5 (60.9)

(window 11) (22.3)"

mix: whole sequence + 28.8(21.9) | 27.0(20.0) 69.1 (66.9) 63.7 (61.0)

boosting by filtering

(window 5)

mix: whole sequence + 35.2(20.0) | 35.8(20.0) 74.0 (68.0) 68.0 (61.8)

actual interaction site
ratio (window 5)

mix: whole sequence + 28.3(18.3) | 30.7(20.0) 72.4 (69.0) 65.6 (62.7)
prediction interaction site
ratio (window 5)

mix: sequence at surface | 39.6 (30.4) | 40.2 (30.4) - 63.2 (57.6)
(window 11)

mix: sequence + ASA 41.5(23.3 54.9 (30.4) - 71.4 (60.5)
(window 9)

mix: spatially 44.6 (24.5) | S56.1(30.4) - 71.0 (60.0)
neighboring® + ASA (15
residues)

mix: spatially 50.4 (26.8) | 58.1(30.4) - 73.5(59.1)
neighboring® + ASA +
actual interaction site
ratio (9 residues)

mix: spatially 42.8(223) | 57.8(30.4) - 73.3 (60.9)
neighboring® + ASA +
predicted interaction site
ratio (9 residues)

mix: sequence + ASA + 432 (24.3) | 55.8(30.4) - 70.1 (60.1)
Flatness (window 11)

hetero’: sequence + ASA | 45.0 (26.9) | 55.9 (32.8) - 69.7 (57.9)
(window 9)

homo'’: sequence + ASA | 40.3 (21.0) | 55.8 (28.9) - 73.4 (62.2)
(window 9)

Hetero-mixed'': sequence | 42.4 (24.1) | 54.9 (32.8) - 71.2 (58.9)
+ ASA (window 9)

Homo-mixed'*: sequence | 38.4 (21.2) | 55.0 (28.9) - 72.0 (62.1)

+ ASA (window 9)

feature vector'= input feature vector of SVM

recall’= True Positive/(True_Positive+False Negative), precision’=

True Positive/(True Positive+False Positive)

The “success rate at whole sequence’” and the “success rate at surface™ mean the average per
residue prediction (interaction site or non-interaction site) accuracy

out. The number of learning samples for each SVM with boosting (ten-fold cross
validation) was set to be the almost the same as that for SVMs without boosting
(leave 1/3 data set cross validation).
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3.1 NECESSITY OF PROMOTER IDENTIFICATION

A promoter is a signal element on a DNA molecule that specifies controlling region of
a gene where RNA polymerase binds to initiate the transcription of the gene. RNA
polymerase II (RNA pol II) in Eeukaryotic cell binds the promoter signals of all
protein coding sequences. But there is no universal occurrence of these signals. So, it
is not possible to predict the promoter efficiently using some mere predetermined
signals. An approach that will consider as many signals as possible which are not
mutually exclusive will increase the chance of finding a promoter in a given sequence
significantly.

A number of methods for the prediction of promoters, TSS (Transcription Start
Signals) and TF (Transcription Factor) binding sites in eukaryotic DNA sequence
presently exist [34,35]. Although contemporary algorithms have much elevated
predictive ability than the prior approaches, it is almost certainly fair-haired to state
that performance is still out lying from satisfactory.

Many general purpose promoter prediction implementations of primary level could
recognize just ~50\% of the promoters with a false positive (FP) rate of ~1 per 700—
1000 bp [35]. Then the use of Markov chain in promoter prediction tools by Ohler et
al. [36] improved the results slightly but they acknowledged the same 50% of
promoters from the dataset analyzed by Fickett and Hatzigeorgiou [35], while having
a false positive prediction rate of 1/ 849 bp. An additional promoter identification
program, Promoter 2.0, designed by Knudsen [37] applied a combination of neural
networks and genetic algorithms.

After the human genome had been sequenced, the efficiency of promoter prediction
tools faced a major challenge. Promoter Inspector program [38] was the first software
tool used to identify the promoters in human chromosome 22. It could identify ~50\%
of known promoters as genomic regions up to 1 kb in length by discriminating them
from the exon, intron and 30 untranslated region (30UTR) sequences. Recently, Bajic
et al. [39] has reported the Dragon Promoter Finder (DBF) program, which uses
sensors for three functional regions: promoters, exons and introns. Judging by the
authors’ estimates, that approach has a higher accuracy than three other promoter
finding programs which it was compared: NNPP 2.1 [40] Promoter2.0 [37] and
Promoter Inspector [41]. Another tool developed by Down and Hubbard [38] reported
a novel hybrid machine learning method capable of predicting >50\% of human TSS
with a specificity of >70\%.

Moreover, one promoter prediction tool TSSPTCM has been trained and adapted for
plants [42].

In the present study, with the aid of PromMachine machine learning tool, promoters
are distinguished from the non-promoter sequences on the basis of abundance of some
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characteristic 4mer motifs. The PromMachine is trained with 128 distinguishing
4mers that can discriminate between promoter and non promoter. Using this
knowledge the machine learning tool can efficiently decide whether a given sequence
contains a promoter or not. With high sensitivity, specificity and accuracy this
approach promises very high efficiency in promoter prediction in Eukaryotic genomic
sequences. Being applicable for any reasonable length of given sequences this
approach becomes a dynamic tool for finding promoters.
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Proposed Method and Data Preparation

4.1 DATA PREPARATION

The promoter sequences are obtained from the Eukaryotic Promoter Database (EPD)
[43] as positive dataset. We have used 1800 different vertebrate promoter sequences
of length 300 bps contained in EPD Rel.65 and covering the region of 300 bps
upstream of the transcription start site (TSS). We also collected a set of non
overlapping human gene sequences of length 250 bps each as negative dataset, from
the GenBank [44]. The training of this system is made on these data.

Dataset

There were two datasets used in the development and testing of the promoter
recognition algorithm: (1) the plant promoter sequence database and (2) the non-
promoter sequence database.

Promoter sequence database

To accomplish the task of RNA polymerase II promoter prediction, the plant promoter
dataset was taken from PlantProm database [45] which contains plant promoter
sequences. The database serves as learning set in developing plant promoter
prediction programs. A total of 305 entries of plant promoter sequence with window
size of 200 bp upstream and 51 downstream of TSS were obtained from PlantProm
DB. To make the model applicable to predict promoters in Drosophila, Human,
Mouse and Rat, promoter sequences are collected from EPD as training data. The test
data are collected from the same source but these are independent of the training data.

Non-promoter sequence database

The non-promoter sequence database is extracted from Unigene database that belongs
to EMBL. CDS are the best non promoter sequence. So, for every organism specific
model, equal number of CDS sequence as the promoter sequence are used in the
training process.

4.2 PROPOSED METHOD TO IDENTIFY PROMOTER

In this work I tried to find out the transcriptional elements which appear more
frequently in promoters and less frequently in the non promoters. Promoter
identification method can be divided into two categories, one knowing the absolute
position of Transcriptional Start site and the other without any information about the
absolute position of Transcriptional Start Site. The first method is relatively simple as
one knows that the promoter sequences generally lies within the upstream of a Gene,
but the later one is much more complex as one doesn't know the exact position of
Gene. So to use different positional features such as TATA box and CpG Island are
inherently difficult in these scenarios. My method doesn't take the absolute position of
Transcriptional Start Site (TSS) into consideration. As a result I depended on the
statistical analysis of different features in known promoter sequences.
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Promoter and non promoter both contain A, C, T, G Taking this 4 nucleotide tetramer
can be created. To develop a learning model we applied inductive inference where a
model is derived from data and this model is further applied on new data. We used
Support Vector Machine (SVM) to develop this model as historically SVM is proved
to be better than other techniques in the analyzing biological data [46].

My method is described as below:
Step 1: Find all possible combination of ‘A’, “T”, ‘C’ and ‘G’ taking all four at a time,
this creates in total 256 different combinations.

Step 2:
i. Find f;j where fj; is the frequency of i'" combination injth known promoter sequence.
ii. Find fn;; where fn;; is the frequency of i combination in j'" sequence.

Step 3:
256 n
i. Calculate P, = Z Z fij wherenisthe total number of promoter
i=1 j=1
256 n
ii. Calculate NP, = Z Z fnij where nis thetotal number of non — promoter

i=1 j=1

Step 4: Calculate the absolute difference between the number of occurrences of those
256 possible combinations of nucleotides in known promoter and non-promoter
sequences. So, we took Diffi=| P; - NP; |, here Diff; is the absolute difference of the
occurrence of a certain sequence in known promoter and non promoter.

Step 5: Sort Diffj, in descending order and took 128 combinations of nucleotides for
which the absolute difference is maximum.

Step 6: Use the number of occurrences of these 128 combinations of nucleotides in
the particular promoter and non-promoter sequence as a feature to train SVM on
known promoter and non-promoter sequences.

4.3 SVM MATHEMATICAL MODEL

SVM, a supervised machine learning technique has been used for discriminating
between promoter and non-promoter sequences. SVM classifiers solve multiclass
classification problems using the structural minimization principle. Given a training
set in a vector space, SVMs can find the best decision hyperplane, which separates
two classes [47].

For a typical learning task P (X, y) =P (y | X) P (X), an inductive SVM learner aims
to build a decision function
fL: X — {—1, +1} based on a training set S train, which is
fL =L(S train)
Where:
Strain=(X1,yl),(X2,y2),...,(Xn,yn)
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SVM are trained in a supervised manner on a collection of promoter and non-
promoter sequences.

It is necessary to select a kernel function and the regularization parameter in each
Binary Classifier. Radial Basis Function (RBF) is selected as the kernel function.

The SVM classification problem can be formulated in terms of a convex quadratic
optimization problem as

Max{ia,{%jia, a, ¥y, K(x,,x/) ............. (1

i=1 vJ=1

In the above equation N is the total number of input vectors, x; is any real number as
the input vectors and y; be their corresponding target class, which is either -1 or 1 in
binary classifier.

A radial basis function (RBF) is a real valued function whose value depends only on
the distance from the origin, so that

a(x)z o(“x”) ............. 2)
or alternatively on the distance from some other point ¢, called a center, so that
o} (x,c)=0'(“x—cH) ............. (3)

Radial basis functions are typically used to build up function approximations of the

form
y@=Xwolx-<]) 4)

where the approximating function y(x) is represented as a sum of N radial basis
functions, each associated with a different center c;, and weighted by an appropriate
coefficient w;.

4.4 TRAINING WITH SVM

The frequencies (fi) of these 128 characteristic 4-mer motifs are used to find the
promoter (or Non-promoter) in a given sequence. As the values of f; are dependant on
the length of a sequence, the values of f; will be different depending on the length of
the sequence and this complicates the comparison between two heterogeneous
sequences. To solve the problem a new parameter, d; is defined by normalizing the fi
with the following equation

d={i—min(f,,H, ............. fi28)}/max (f1......... f128) ... (equs)

Here, the numerical value of di ranges from 0 to 1.

To use these features for promoter prediction, SVM the most perfect supervised
learning algorithm, is trained. For this purpose, equal numbers of promoter and non-
promoter sequences, collected from databases mentioned above are used as the
training dataset. Being trained with the frequency patterns of the 128 characteristic 4-
mer motifs in known promoters and non-promoters, a model is built that can
distinguish between promoter and non promoter in test sequences.
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Testing:

To substantiate the machine learning model, jackknife validation could be the ideal
process. But it is more time consuming and so not used in this model. Instead a 7fold
cross validation is performed. Then, prediction test is done using independent test
data.
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Experimental Results and Comparative
Analysis

5.1 PREDICTION ACCURACY

In order to present the significance of n-mer sequences, a model is built using 305
promoter and 305 non-promoter sequences.

In order to test the prediction accuracy of the proposed model 100 sequences are
selected randomly from Plant Prom DB and form EMBL that constitutes with 50
known promoter sequences and 50 known CDS. These dataset are completely
independent from the training set (Table 5.1).

Table 5.1: Prediction done using the proposed model

Predicted | Total no. of True False False True Sensitivity* | Specificity”
Sequences Sequences | Positive | Positive | Negative | Negative
Promoter 50 43 Nil 7 Nil
Non- 50 Nil 5 Nil 45 0.86
Promoter

Sensitivity * = 100.TP/ (TP + FN)
Specificity ® = 100.TN/ (TN + FP)

True Positive: When SVM detect a promoter as a promoter during training.

True Negative: When SVM detect a non-promoter as a non-promoter during training.
False Positive: When SVM detect a non-promoter as a promoter during training.
False Negative: When SVM detect a promoter as a non-promoter during training.

The model confidently predicts the promoters in these test data as it is less prone to
false positive and false negative prediction. The model shows a high level of
sensitivity and specificity (Table 5.1). The primary experimental results are
summarized in Table 5.2 in which percentage of correct value (for both cross
validation test and prediction test) and correlation coefficient value is given.

Table 5.2: Result of Model built for promoter prediction

Input data: Correctly Correctly Classifier Correlation
Promoter and | classified classified used for the | coefficient
non-promoter | instances on | instances on | proposed
sequences Cross- 100 test | Algorithm
validation dataset (%)
data (%)
Proposed 84.92 89 SVM 0.77
Model
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The correlation coefficient is also very high. When the proposed model is trained with
the 128 discriminating 4-mer sequences of Human, Drosophila, Mouse and Rat and
applied to predict the promoter in test data of corresponding organisms, we find very
satisfactory results again in Table 5.3.

Table 5.3: Cross validation accuracy of the model for various organisms

Proposed Algorithm for Cross validation accuracy (7
fold)

Plant 83.81 %

Drosophila 94.82 %

Human 91.25 %

Mouse 90.77 %

Rat 82.35%

The 7 fold cross validation accuracies are very significant in all the test organisms. It
indicates the universality of the model for all eukaryotes. The high percentage of
correct value, correlation coefficient for this proposed model clearly indicates that
calculated frequencies of 4-mer sequences are capable of discriminating between
promoter and non-promoter regions.

Complexity of the proposed model is O (4*™MN)

5.2 COMPARISON WITH EXISTING METHODS

There are various algorithms used for promoter prediction. Using these algorithms,
some widely used promoter prediction tools have been developed, e.g. Soft Berry,
Dragon Promoter Finder, Neural Network Promoter Prediction, Promoter 2.0
Prediction Server and Promoter Scan.

However, the model proposed here promises even better performance than the most
successful tools of this day. The results shown in Table 5.4 clearly indicate that the
prediction accuracy of the model is relatively very high in comparison with other
tools.

Table 5.4: Program accuracy: comparisons with existing methods

Program NNPP Soft ProScan | Dragon Promoter | Prom-
Name (threshold | Berry version Promoter | 2.0 Machine
0.8) (TSSP) | 1.7 Finder Prediction
version 1.4 | Server

Sensitivity 68 88 0 12 0 86
(%"
Specificity 76 90 100 100 78 90
(%)
Correlation 0.44 0.78 e 0.25 % 0.77
coefficient

** Infinity
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(TP xTN)—(FN x FP)
J(TP+FN)x(TN + FP)x (TP + FP)x(IN + FN)

“Correlation coefficient =

There are a number of superior features that have made our proposed model better
performer than any other tools such as the use of large numbers (128) of
discriminating features between promoters and non promoters and the exploitation of
the most successful supervised learning system SVM. Other prominent promoter
prediction tools use either statistical approach or Neural Network. However, SVM has
outperformed both of these approaches in pattern matching and supervised learning.
Besides, these approaches use only limited numbers of features as the promoter
signals such as TATA box or Inr etc. On the other hand, the proposed model uses
SVM to detect the most number of signals to date to declare whether a sequence is
promoter or not. These superior components of my approach have made it a better
tool.
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CHAPTER 6 CONCLUSION AND FUTURE SCOPE

Conclusion & Further Scope

6.1 CONCLUSION

The triumphant prediction of promoters with high accuracy using frequency
distribution of n-mer sequences noticeably designates that the novel method has an
assurance as an approach for successful Eukaryotic promoter prediction. The principal
objective of this project was to develop an efficient tool that can discriminate between
promoter and non-promoter in an unknown sequence with proper accuracy. The
highly accurate results of promoter prediction with our approach in Plant, Human,
Drosophila, Mouse and Rat (Table 5.3) have clearly proved the validity of using
frequency distribution of 4-mers in discrimination between promoter and non
promoter.

However, though the approach is very much efficient in predicting the presence of
promoter in a given sequence, it cannot locate the position when TATA box is not
present. But this challenge will be met very soon if other signals can be characterized
for specific position. So, it is expected that the approach proposed here would be a
highly useful and efficient tool to meet the demand of the molecular biologists.

6.2 FURTHER SCOPE

This paper focused on identifying promoter sequences. Same algorithm can be applied
to identify the GENE sequence within a DNA. Combining the novel concept of
identifying promoter with the gene identification will surely be of high research
interest in the biological research domain. Our future work will try to focus on this
research area.
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