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Abstract

We have studied the core promoter region in five sets of promoter sequences by calculating the average mutual informatifin(redetigat

entropy). We have used specially constructed substitution matrices to calculate mono and dinucleotide replacements in a given block of aligne
sequences. These substitution matrices use log-odds form of scores, which are in bits of information. Here, we constructed and applied nucleoti
substitution matrices for the core promoter region to calculate the information content to study the Transcription Start Site (TSS), TATA-box and
downstream regions. As expected, the information content decreases with increasing block size. This clearly implies that the TSS region is likel
to be 5-10 bases in size (length). We also notice that both in the case of mouse and humans, both TATA-boxes and TSS regions are likely to pl
important roles in proper transcriptional initiation.

© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction initiation is mandatory for the proper initiation and regulation
of mRNA synthesis $male and Kadonaga, 2003Ve use the
Promoter region is a regulatory region of the protein-codingexperimental database of protein-coding promoter sequences
genes and shows variation from species to species. The tra(Bhahmuradov et al., 2003; Hershberg et al., 20@tigPet al.,
scription factors (cell or tissue specific) bind to the promoterl998 to find out any similarity, consensus sequences, patterns
region of the DNA that subsequently causes efficient bindingand/or regularities present in a given species as well as between
of RNA polymerase to initiate mMRNA synthesis. Specific DNA different species. For this purpose, we have used the traditional
sequence elements within the promoter region (like TATA-boxtechnique for sequence score computations. However, we also
CCAAT-box, Downstream Promoter Element (DPE) and GC-realize that the conventional substitution matrices, which have
box) exhibit similarities between different promoters of the samébeen developed for the complete genome as a whole may be
DNA as well as between various species. The core promotarmsuitable for this purpose. We also believe that it is possible
region (which can extend 35 bp upstream and which is a mini- to incorporate the pair-preferences (this is equivalent to a first
mal promoter region required to start the pre-initiation complexorder Markov dependence) into the substitution matrix. We also
formation) usually has TATA-box, which is conserved in most ofassume that the substitution matrices developed from the pro-
the species (30-50% of promoters) and TSS region, which usumoter regions shall lead to poor scores in other regions of the
ally is not conserved. Each nucleotide in the consensus sequensame DNA. Analysis of core promoter region, by using the con-
motif (TATA-box, CCAAT-box and GC-box) represents the most cept of substitution matrix, is an important method to identify
frequently occurring nucleotide at that position and does nothe similarity between promoter elements of different species.
represent an actual sequence. Reliable identification of the cofiéhese substitution matrices are used to score sequence similar-
promoter region by RNA polymerase Il prior to transcription ity (Zheng, 2005 database search (like BLAST and FASTA)
and also for finding DNA binding sites in protein sequences
(Ahmad and Sarai, 2005The elements of these substitution
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The information in these matrices depends on the quantificarable 2

tion approach like evolutionary models. structural propertiesB'OC"S of nucleotides (positions are with respect to TSS that represents +1)
and chemical properties of aligned sequenéds¢hul, 1993; s No.  Blocksize  TATA-box TSSregion  Downstream region
Nicholas et al., 2000; Panchenko and Bryant, 2002; Yu et aI.1

) ) 5 —30t0—26 —2t0+3 +16 to +20
2003; Yu and Altschul, 2005 The Point Accepted Mutation » 11 _3310-23 _510+6 +1310 +23
(PAM; Dayhoff et al., 1978; Schwartz and Dayhoff, 1978 3 15 -35t0-21 -7t0+8 +11to +25

matrices "’?re based on a“gnm,ems of closely re,latEd Sequen(’Iﬁbsome of the sequences, there are no TATA-boxes. For such sequences, the
and by using these PAM matrices one can estimate target frespe indicates the expected position.

quencies to any desired evolutionary distance by extrapola-

t||(_)|n. iutﬁln czsilof !?(L(f?cl;ségSUlt);tltutut)_n Mt'?‘t”ce]? t(BLOtSfU M) purposes. These sequences include both TATA-box containing
(Heni Ol and Fenikotl, P € estimation of target Ire- o4 TatA-less promoter sequencdsaifle 3.

quencies to avoid such extrapolation for different evolutionary
distances, it uses the ungapped segments of multiple Sequencs Construction of substitution matrices and information
alignments of protein families. All protein-coding genes have a12' )

least one or more TSS regions, which are active under differerft”’ 7!

conditions. There are several attempts to study the TSS with the

help of nucleotide frequencied@jewski and Ott, 2002; Bajic . o ; . .
etal., 2002, 2003; Aerts et al., 200hd the DNA weight matrix idea of the similarity between different residues/bases. This
- ' ’ ” information about the similarity of the bases must be derived

methods Bucher, 1990; Down and Hubbard, 2QGound the . textual fashi Th di . d di

TSS but it is poorly understood due to the lack of proper signa|n a contextual fashion. 1he coding regions and non-coding
in the TSS. The main focus of our study is to find the statisti- ©9'0NS mUSt be compared using a similarity matrix spec]fl-
cal behavior of the core promoter elements in different speciega"y_ designed for this purpose. For_ example, a substitution
with the help of average mutual information content, which ismatrlx constructed for the coding regions may perform poorly

calculated by using neighbor-independenk(4 matrices) and for Lhe non—c<t)d|ntg jequ?n?esgir:_(: \t/_|ce-verts_a. For ;h's Irealls?nd,
neighbor-dependent (2616 matrices) nucleotide substitutions we have constructed a set of substitution matrices and carcuiate

(Lunter and Hein, 2004: Arndt and Hwa, 2005 average mutual information content of TSS region, TATA-box
’ ’ ’ and a downstream region that are non-coding regions of the
protein-coding genes. First we may see the protocol for sin-

Sequence comparisons are meaningful only if we have some

2. Materials and methods gle base substitution matrices. These will be 4 matrix and
lack any preferences (this is the standard assumption made
2.1. Promoter sequence sets in all sequence alignments that the neighboring bases show

no preferences). In other words, adjacent bases are considered
PlantProm DB—a plant promoter databaSaghmuradov et jnqependent. Next, we see the formulae (they will be very sim-

al., 2003, PromEC—£. coli promoter databasedershberg et 5 except the subscripts will now be pairs) for the base pairs
al., 200) and EPD—Eukaryotic Promoter Databagerier et (5en together which corresponds to a nearest neighbor pref-
al., 1999 include sequences that are annotated, non-redundagfence. As we are considering a pair, there will bex16

promoter sequences of RNA polymerase Il with experimenyayix  These matrices include adjacent pair-preferences
tally determined transcription start sitegaple 1. The EPD explicitly.

sequences included here are “representative sets of not closely

rel?}ﬁg Seg#]irt]cesé ces obtained from the datab 2.2.1. Neighbor-independent substitution matrices
pr er sequences ined 1r abases ar€r,. oach column of the block, we first count the number of

already aligned sequences and can be represented as ungapR]eaqches and mismatches of each type between the first sequence

blocks with e{;\ch row a different promoter sequence and eacgnd every other sequence inthe block. This procedure is repeated
column an aligned base (for each of the five species). Frorp

. or all columns of all blocks with the summed results are stored
these aligned sequences we extracted set of blocks (TATA'b% a4 x 4 matrix. For all sequences in the aligned sequences, the

region, '_I'SS-regmn and Downstream reglon) or columns O_f dif. ame procedure is followed summing these numbers with those
ferent sizes (5, 11 and 15 nucleotide wide) for comprtation hat already in the 4« 4 matrix. The total number of nucleotide

pairs (observed frequency) in a given block3§;_—1) and the
Table 1 total number of nucleotides (expected frequency) in the block is
Databases used in the present study (Taxonomic group or organism with numbgre \wheres is the number of nucleotides in the given position
of sequences used) andw is the block width. The resulting matrix ¢44 matrix) is

S.No.  Database Taxonomic group/organism  No. of sequencegised to calculate the odds-ratio between those observed frequen-

1 PlantProm DB All plants 305 ciesg;; and those expected by changeThis odds-ratio ﬁf/)

2 PromEC E. coli 472 is also called a likelihood ratio. Then “log-odds” is calculated

i EEB guma”h_l Egg (usually logarithm of base 2) from the odds-ratio and is given by
rosopniia L qi,j _ . )

p EPD Mouse 118 Sij = log, i Such probabilities (odds-ratios) should be mul

tiplied or log-odds can be added to get the probability of their
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independent occurrenc&drlin and Altschul, 1990; Altschul, count of all possible pairs in the given block. The total number

1991). of dinucleotide pairs (observed frequency) in a given block is
%ZS(S’” and the total number of dinucleotides (expected fre-
2.2.2. Neighbor-dependent substitution matrices quency) is given by — 1)s, wheres is the number of sequences

With the incorporation of the pair-preferences into the substianduw is the block width. The resulting matrix (2616 matrix)
tution matrix that gives neighbor-dependent substitution matriis used to calculate the odds-ratio between those observed fre-
ces. These are very similar to neighbor-independent substitutiqquenciesﬁj 1 and those expected by change This odds-ratio

matrices except the subscripts will be pairs of nucleotides in%it jielinood ratio) is then used to calculate the “log-odds”
a given block. While calculating matches and mismatches thé””¥

: : N qij.kl
sliding window of one nucleotide along the sequence is used t8nd Is given bySjj; = log,

PijPkl "
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Fig. 1. The average mutual information contéht(in bits) of core promoter elements (calculated by neighbor-independent nucleotide substitutions) from different
datasets. In all the figures ‘A, ‘B’ and ‘C’ represents block size 5, 11 and 15, respectively. Each graph has three bars representing TATA-b&S eggon Bnd
downstream region. The bars on top of the histograms represent the standard errors ¢ ;fhali@s.
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2.2.3. Average mutual information content (H) tiplied by the probability of occurrence of that pajy will

The comparison of these non-coding regions can be pegive the weighted score and is then summed overall for the
formed either by scores in the substitution matrices themselvasucleotide pairs to produce a score that represents the ability
or by the information content of these substitution matrices. Irof the average nucleotide pair in the matrix to discriminate
information theoretic terms average mutual information contenactual from chance alignments. The average mutual informa-
(H), is the relative entropy of the target and background paition content is given byd = Zijqijsl‘j = Zijq,-j Iogzp‘f%'j. The
frequencies and can be thought of as a measure of the averagigher the value of the relative entropy of target and back-
amount of information (in bits) available per nucleotide pair.ground distributions, the more easily they are distinguished
In neighbor-independent substitution matrices, the log-odds ofaltschul, 199). The same procedure is applied for calcu-
each nucleotide paiy; (in the units of log, called bits) mul-  |ating the average mutual information content in the case of
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Fig. 2. The average mutual information conteft(in bits) of core promoter elements (calculated by neighbor-dependent nucleotide substitutions) from different
datasets. In all the figures ‘A, ‘B’ and ‘C’ represents block size 5, 11 and 15, respectively. Each graph has three bars representing TATA-b&Segion ind
a downstream region. The standard errors have been actually plotted but cannot be seen, as they are too small.
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neighbor-dependent substitution matrices. The average infoahmad, S., Sarai, A., 2005. PSSM-based prediction of DNA binding sites in
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3. Results sequences. J. Mol. Biol. 212, 563-578.
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