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INTRODUCTION

Shart, conserved sequence glements, or
DNA - motifs  located  upstream  of the
transcriptional start site are often the hinding
factors that play a major role in gene
regulation, The availability of the draft
sequence of the human genome and other
organisms is an enormous achievement, but
characterizing the entire set of functional
elemants encoded in the human and ather
genomes remains an immense challenge. Two
of the most important functional elements in
any gernome are RNA polymerase and the
promater sites within the DNA to which thay
bind, These interactions between protein and
ONA decide gene expression level which is
critical steps in development and response of
N organism to various environmental stresses,
The development of computer algorithms 1o
correctly recognize polymerase Il promoter
sequences in primary sequence data, however,
is an extremely complex and difficult probilem.
While there have been many successful
attempts to build algorithm to recognize
prokaryotic promoter sequences using a wvariaty
of approaches. The method that has been most
often been used to analyze £.Coli promaoters is
to align a set of promoter sequences by the
position that marks the known transcription
start sites (TSS) and then to search for
conserved seguences in the upstream regions.

The promoter region is found to contain three
conserved sequence features: & region
approximately 6 bp long with consensus
TATAAT at position -10 (the Prebnow boxl: a
second region approximately 6 bp long with
cansensus TTGACA at position -35 and
distance between them approximately 17 bp
that is relatively constant. A weaker region
exists around + 1, and designation given ta the
start of transcription, and an AT- rich region is
found before the 1-35 region. These promoters
sequences are freguently degenerate motifs
and the sequence degeneracy has been
selected through evolution and is found to be
beneficial, since it confers different levels of
activity upen different promoters, thus causing
some . genes 10 be transcribed at higher levels

than others, as may be required by the cell.

Identifying candidate promoters in silico

Once a regulatory sequence motif has been
identified, the next goal is frequently to identify
candidate target genes that may be regulated
through it, potentially by a RNA polymerase
that may bind to it. Although degenerate
consensus sequences are still frequently used
to depict the binding specificities of
polymerase, they do not contain precise
information about the relative likelihood of
observing the alternate nucleotides at the
various positions of a promoters, Thus, a
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common way of representing the degenerate
sequence preferences of a DNA-binding protein
is by a position weight matrix (PWM), also
known as a position-specific scoring matrix
{PSSM), Briefly, the elements of a PWM
correspond to scores reflecting the likelihood of
observing that particular nucleotide at that
particular position of the known or candidale
pramoter, Although there are certain problems
inherent In the use of PWMs, they are
navartheless a good approximation and a useful
representation that can identify biclogically
interesting candidate sites.

Position specific scoring matrix (PSSM)

The PSSM may be used to search a
sequence 1o obtain the most probable location
of a motif represented by PSSM. Alternatively
PSSM may be used to search an entire
database to identify the additional sequences
that also have the same motif. Consequently, it
i important 1o make the PSSM as the
representative of the expected sites as
possible. The quality and the quantity of the
infarmation provided by the PSSM also varies
far each column in the motif, and this variation
profoundly influences the matches found with
seguence.

The PSSM is constructed by a simple
logarithmic transformation of a matrix giving
the frequency of each amine acid in the motif.
Two considerations arise in trying to tune the
PSSM so that it adeguately represents the
training sequences. First, if number of
sequences with found motit is large ant
reasonably diverse, the seqguences represent a
good statistical sampling of all sequences that
are ever likely to be found with the same motif.

Given a good sampling of seguences is

available, the number of sequences is
sufficiently large, and the motif structure is not
tao complex, it should in principle be possible
to obtain frequencies highly representative of
all similar motifs in other sequences too.

Application of PSSM in promoter analysis

A more complex type of promoter analysis 15
used for both prokaryotic and eukaryotic
sequences in a scoring or weight matrix. For
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this purpose we do multiple seguence
alignment to find additional sequence of same
pattern in the database search using Prosite
and CLUSTALW. In prokaryotes a scorng
matrix for representing the 1-10 region of
promoters is to construct jn the promoter
sequence. Followed using block analysis of
thess conserved seguences we can calcuiate
fraction of each base at each column of the
aligned promoter in the 1-10 region. Using this
frequency log odds can be generated. The
same approach is followed for 1-35 region of
promoter sequences. Given a new sequence |
needs to scan against these matrices. Best
scored subssgquence predicted as prometer
seguence. Gap belween these sequences: ars
also very important to predict real promoter
SequUEnCes.
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PROTOCOLS AND METHODS

. About 470 E. cali promoter sequances from E coli database
was taken and each sequence has a langth form - 75tm + 25
nucleatides

. Al the promaoter sequences were aligned’ usng CLUSTALW
according to region corresponding to TATAAT {TATA bux! a1
10 region and TTGACA regiorat -35 and sequence grofile
werg generated for these consensus subsequences:

= |og odd scoring matriy was developed from: the sequence
profile,

Odds score = Observed frequency | Expected frequency
Store [il = log mig, il
Where miji) is the frequency of character | olsesved at

pasition i and {5} 15 the oversll frequency of character |
lususly in some large set of sequencet

Log odds seore = log (observed freguencylepected
{requency)/llog2|

= Thequery sequences were scanned agamst the matrices and
the subisequence of best score were selected. In order 1o
score e subsequence [og odds score was comverted into
udds score.

Odds seore - 2 (log odds scorel = e (log adds score)

=  Same procedure was used for -35 region of guery sequences
and best subseguence m it was located.

=  The distance between these consensus sequences was
cafculated,

= If the sequences which have -10, -35 region and distamrce
between them are found  adequate enough then they can be
identified as promaoter sequences.

Gonsensus consideration for promoter

Transcription start site

-35 haxamer Spacer 10 hoxamer 'mmmif‘li:}
= = ———}

TTBACA  15-18bases  TATAAT  58basss

Tabile 1. Loy adds soore (or-10 and -35 reging,

1 2 3 4
A | 0.00 l L4l | 000 | 158 |-1.22 | 0.00
T 122 |041 |158 |-823 |073 [1.22
| Cr! -0.58 | -B.23 ' -823 | -0.58 | -B.23 | -R23 i

|
Cl82: [823 i-ﬂ,zs -1.58 | -8.23 | -0.58
]

Lh
o

25 region

BE 2 3 4 5 6

Al-058 [823 |-158 |1.00 |-1.58 |0.73

T|1.00 |1.73 |0.00 |-058 |0.00 | 0.00

"G |-1.58 |-1.58 [1.22 | 000 |-0.50 | 0.00

C| 000 |[-1.58 [-1.58 |-1.58 | 1.00 | -1.38
0 regmn

RESULTS AND DISCUSSION

Comsensus sequences are generaled by
caloulatinmg the frequency at each point of
subsequences of multiple lacal alignment. The
CONSENsSUs sequences are TATAAT and
TTGACA. Obtained Score for exact TATAAT is
8.67 and for TTGACA s .70, Any sequence
deviated from it has score less than this score,
These subsequence can be focated any where
in upstrearn region. Difference in distance
between these subsequences is crucial for
finding actual sequences.

Tahle 2. Predicted scoe of the different subsequences using FSSM ool

Range of No. of sequences | Percentage of
score {nt difference) Sequences (%)
0-10 5 14
11-20 13 37
21-30 G 17
31-40 7 20

41 to above 4 8

In large percentage of cases distance
between subsequences varies between 11 to
20 (Table 2). This range is most suited to
experimental data. For scoring E.coli sequences
far the presence of promoters, scoring matrices
for a -35 region, a 19-bp region encompassing
the -10 region, a 12-bp region encompassing
the + 1 region. Each matrix will preduce a
distribution of odds score that predicted
possible location for matches to itself in query
sequence.

There are several regions that matrix
methods do not always achieve a better
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prediction of £.coli promoters. The first is that
the matrix methods add to the score far each
seguence pasition, where in reality: one
position is the 1-10 region, for example, may
play a role in one stage of transcription such as
promotgr recognition by RMNA  polymerase.
Whereas another may play a role in the
subsequent stage ol transcription, such as
initiation of transcription or elongation of
mRNA. Matching positions with these types of
functional separations are not expected to be
additive, as assumed by matrix method. A
second difficulty that the matrix method shares
with  mest  other methods of promoter
prediction is that all promoters are treated as
being in the same class |, where differant form
of RNA polymerase that are complex with a set
of transcriptional activation may have a
particular preference for different sequence
positions in the proamoter regian.

In racent years, a number of efforts have
been focused on attempting to predict
promoter sites and other transcriptianal
regulatory site using structural information on
the protgin or related protein-DNA complexes,
Some of these studies have attempted to
determine what ‘recognition  rules’  or
recognition code' may exist that stipulate
which DMA base-pairs are likely to be bound by
which aminog acids, in the coentext of a
particular structural class of DNA binding
proteins. These approaches have come either
from analysis of databases of well
characterized DNA-protein interactions, from
computer modeling, or from expariments
employing in vitro selection frem a randomized
library, either of the DNA base pairs or the
aming-acid residues implicated in sequence-
specific binding. There is no cbvious, simple
code like the genetic code, however, and any
recognition rules that might exist are likely to
be quite degenerate and highly dependent upon
the docking arrangement of the protein with its
DNA binding site. This area of work, including
the possibility of deciphering a 'probabilistic
code’, is discussed by Benos et al. Such effarts
will be greatly aided by the further
development of high-throughput technologies
tor identitying interactions between polymerase
and their DNA binding sites, so that much
larger datasets can be gensrated for analyses
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required te decipher any ‘degenerat
probability codes’ or to be used as training set
for developing improved DNA binding-sit
prediction algorithms: Studies using the variou
high-throughput technologies described earlic
will permit ‘a better understanding of th
locations and organization of regulatory DN,
elements in and the regulatory complexit
resulting from combinatorial interactions c
polymerases.

OUTPUT OF THE PROGRAM

Position -10 = -12 1o -7, Score = 7.67
TTTATA
Paosition -35 = -21 to -16 , Scare =

CTGTTA

3.1

Difference of position = 32,

FPosition -10 = B to -3 , Scare = 7.67

TTTAAT

Position -35 = -43 1o -38, Score = 4,11
TTGTTA

Ditference of position = 36.

Position -10= -12 to -7, Score= 5.37

TTTAAT

Position -35 = -40 to -35, Scare= 4.37
TTGAGC

Differance of position = 28,

Fosition -10= -26 to -21, Score= 7.67
TTTAAT

Position -35= -61 to -56, Score= 4.11
TTGTTA

Difference of position = 35,

Position -10= -16to -11, Score= 7.44
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TTTAAT
Position -35= -21 10 -16, Score= 4.11
TTGTTA

Difference of position = 3b.
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