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Identifying prokaryotic promoter sequences is notoriously difficult and for most
sequenced bacterial genomes the promoter sequences are still unknown. Since
experimental analysis trails behind sequencing, genome-wide computational pro-
moter discovery is often the only realistic way to discover these sequences in newly
sequenced bacterial genomes. However, genome-wide samples for promoter discov-
ery may be very large and corrupted complicating promoter discovery. We discuss
three aspects of genome-wide promoter discovery: sample generation, signal find-
ing algorithms, and scoring signals. We applied our new MITRA algorithm to
analyze samples of divergent and convergent genes in 20 bacterial genomes and
found strong putative dyad signals in 17 out of the 20 genomes. Moreover, in 12
out of 20 genomes the found signals are identical or similar to the known regulatory
patterns (Pribnow-Gilbert boxes and CRP binding sites). Since many of putative
signals correspond to previously known elements of bacterial transcriptional regula-
tion, the remaining discovered signals are good candidates for unknown regulatory
elements.

1 Introduction

A fundamental challenge of molecular biology is understanding the regulation
of gene expression, in particular, on the level of transcription. In prokaryotes,
genes encoding transcription factors may constitute up to 10% of the genome,
as in Pseudomonas aeruginosa®. Thus an important component of genomic
analysis is automated identification of transcription signals such as promoters.
Since the experimental analysis trails behind the sequencing of new genomes,
we are interested in discovery of regulatory sequences from complete genomes.
This paper describes a method for discovering putative regulatory sites by fully
automated genome-wide sequence analysis.

Discovering putative regulatory sites from complete genomes is a very dif-
ficult problem 2. These di culties are threefold and include i di culties in
sample generation, ii algorithmic di culties in scaling to large and corrupted



samples, and 1iii statistical di culties in assessing the significance of patterns
that are discovered.

egulatory signals can be modeled either as patterns or as profiles. This
paper focuses on pattern approaches but the described algorithms are applica-
ble to both patterns and profiles. ur algorithm will return a set of patterns
which hopefully correspond to actual transcription signals in the genome. e
use the term monad pattern to refer to a contiguous -mer that occurs in the
sample with up to mismatches. Allowing for mismatches takes into account
the fact that binding sites exactly matching the pattern are rare and often phys-
iologically undesirable. e use the term pattern to denote a monad
of length that occurs in the sample times with up to mismatches . Since
bacterial regulatory signals are often build from two monad parts that occur
with a fixed or almost fixed distance from each other, we model these binding
sites by d ad patterns. A dyad pattern 1 1 2 9 are two monad
patterns of length 1 and 5 respectively, that occur times in the sample with
a minimum separation distance of ; and a maximum separation distance of
5. If 4 2 a dyad with a fixed distance between the monads we use the
notation 1 2 patterns. This paper focuses on dyad signals that
are common elements of bacterial transcriptional regulation.

There are many approaches to discovering monad signals and
dyad signals ' 112, ecently there has been an emergence of powerful
sample-driven approaches to monad pattern discovery ! ! 1 that are e -
cient enough to handle large genomic samples. or dyad signals, the sample-
driven approaches include the algorithms presented in  arsan and Sagot 000
and IT A'. oragiven 1, 2, 1, 2,and ,these methods can find all

1 1 2 2 dyad patterns in the sample and are e cient enough
to apply to samples of the total si e exceeding 100 000 nucleotides.
ur sample generation approach relies on comparative analysis of inter-
genic regions between divergently and convergently transcribed genes. e first
take advantage of the relative location of genes in order to determine the re-
gions where the binding sites most likely occur. Although regulatory elements
are located upstream of genes, most upstream regions of bacterial genes do not
contain promoters. enes in bacterial genomes often form operons and only
the intergenic region upstream of the first gene in the operon contain regulatory
elements. Since the operon structure in bacterial genomes is rarely known, it
is not clear how to automatically generate samples of regulatory regions. ur
sample generation approach is based on the observation that intergenic regions
between consecutive genes transcribed in divergent directions are guaranteed
to be upstream regions of operons. y similar reasoning, intergenic regions
between two convergently transcribed genes usually do not contain binding



sites. e use the intergenic regions between genes that are transcribed in con-
vergent directions as our background sample. Since both divergent and con-
vergent intergenic regions are selected from the same genome, the convergently
transcribed intergenic regions allow us to estimate a background distribution
for upstream regions with regulatory elements the intergenic region between
divergently transcribed genes .

A key ingredient for discovery of putative regulatory signals is a method
to assess the statistical significance of a potential signal. The problem is non-
trivial since our samples are large, biased, and contain low complexity regions.
There exists a number of approaches to assessing the statistical significance of
patterns. They include the shu ing approach! , building statistical models
to estimate the probability of a pattern! or profile , and using a back-
ground sample to assess the significance of a pattern depending on whether
or not it is over represented in the sample! . ur ability to discover signals
depends on the reliability of the method for determining the statistical signif-
icance of observed patterns in such large samples. or example consider the
experimentally confirmed promoter represented by the ribnow- ilbert dyad

1 inthe su iisgenome. This dyad with allowed
mismatches occurs 1  times in our sample. owever, it appears anywhere
from to times at other separation distances from to nucleotides.

ost of them are likely to be simply random events instead of having any
biological meaning. It indicates a need for a new scoring approach that com-
bines the traditional statistical analysis of monad patterns with the analysis
of spacing and positional parameters.

ur scoring approach estimates the significance of patterns in the target
sample against the patterns in the background sample. or each pattern, we
compute the strength of the signal which measures the di erence between the
number of occurrences of the pattern and the expected number of occurrences
based on the background distribution strength score . owever, even with
scoring method that takes into account a background sample, it is still di -
cult to determine which patterns correspond to biologically meaningful signals.
ur key idea is to incorporate two types of additional information to help make
this determination. irstly, we contrast every dyad pattern with a fixed sepa-
ration distance against a dyad pattern with a random spacer dyad score .
Secondly, since some regulatory elements are positional i.e., tend to occur at
the same relative position we also analy e the relative position of the signal to
the start of the gene positional score . Although we do not have reliable infor-
mation about the transcription start position of the gene, we can still obtain
a rough estimate of the relative positions of the signal using the translation
start instead. ach type of information on its own is generally not su cient to



make a determination on whether or not a signal is an actual binding site. In
fact, some actual binding sites are not positional signals and some actual dyad
binding sites have looser restrictions on their separation distance than other
dyad binding sites. owever, the combination of the three types of information
helps us to decide whether or not a signal is a putative binding site.

e apply our new IT A algorithm to analy e samples of divergent and
convergent genes in 0 bacterial genomes and find particularly strong putative
dyad signals in out of the 0 genomes and signals that correspond to known
binding sites in 1 of the 0 genomes. Details of the IT A algorithm are
presented in! . Detailed information about all of the signals reported in this
paper is available at

S G n r tion

The main di culty in the analysis of complete bacterial genomes is scarcity,
or even lack, of the experimental data about location of regulatory regions and
the operon structure. Thus, for any given gene, it is di cult to decide, whether
it is the first gene in an operon and thus the transcription factor binding sites
are upstream of this gene , or it is preceded by other genes. Therefore, simply
taking upstream regions for every gene in a bacterial genome would lead to
extremely corrupted samples and failure of the motif finding algorithms.

A better approach to sample generation was first proposed by ashio et
al., 1 2 and later explored by Sagot and colleagues in? and ?!. It is based
on the observation that the divergently transcribed genes are guaranteed to be
the most upstream genes of the respective operons. Thus, the target sample
we used to search for the regulatory signals consists of genomic fragments be-
tween divergently transcribed genes. Similarly, a region between convergently
transcribed genes cannot be an upstream region for any gene, and such regions
formed a background sample i.e., sample without binding sites .

The sequences of 0 complete bacterial genomes Table 1 were downloaded
from the database 22. The choice of the genomes was dictated by i
availability of experimental information for some of these genomes and ii
availability of several genomes from one taxonomic group. e used the limited
set of experimentally confirmed promoters to verify that our predictions agree
with the available data. e used genomes from the same taxonomic group

ram-positive bacteria from the acillus lostridium group, mycoplasmas,
chlamidiae, proteobacteria from the , and divisions, -proteobactera
to check whether our promoter predictions for these genomes produce similar
putative patterns.

To create our samples, we extract the last 10 bases of the intergenic region



and the reverse complement of the first 10 bases. e remove the 10 bases
closest to the gene to delete the strongly conserved Shine-Dalgarno signal that
would dominate our results. In the cases of alternatives caused by overlapping
genes the shortest intergenic fragments were selected. In cases where the inter-
genic region is longer than 0 nucleotides, a portion of the intergenic region is
left out of the target sample. e perform the same procedure for creating the
background sample that model the regions without the regulatory elements.

Findin St ti tic SinicntSin

e use the IT A algorithm to detect all statistically significant
1 2 2 patterns. IT A is fully described in skin and ev ner,
00 ! and is easily adapted to use the scoring method described below. Al-
though IT A was used for these experiments, any algorithm such as arsan
and Sagot, 000! that canrecoverall ; 1 2 2 patterns, properly
modified to incorporate the scoring functions described below, would produce
equivalent results.
e incorporate three types of information into assessing the significance
of a signal signal strength score, dyad separation score and positional score.
e use the background sample obtained from intergenic sequences between
genes transcribed in convergent directions to estimate background distribution.
e first describe our scoring method for monad patterns and then extend it

to dyads patterns. or a pattern  we define — as the number of -
mers in the background sample that are within mismatches of the pattern,
divided by the total number of -mers in the background sample, . e

smooth our estimates for ~ using Dirichlet priors? and ad ust our estimates
of to take into account the di erences in nucleotide composition between
convergent and divergently transcribed intergenic regions.

et be the si e of the target sample. iven that the pattern  oc-
curs with mismatches times in the target sample, we define the score of
the pattern as ——— . or a single pattern, the score can be in-

1
terpreted as the number of standard deviations from the mean if we assume
a binomial distribution. The pattern score is simple and e cient enough to
incorporate into IT A for the exhaustive search to discover a top scoring
patterns. Instead of returning all patterns that occur times, we instead spec-
ify a minimal score threshold . or a pattern and minimum score threshold
, the minimum number of occurrences for the pattern to make into the
ranked list would be 1 .

e score the dyad patterns  composed of monad patterns ; and o
in a similar way. or each dyad pattern , we estimate from estimates



of the probabilities of the patterns ; and 3. Since the mismatches of an
instance of the dyad can be spread to both monads, we need to estimate a
probability for each monad occurring with a certain number of mismatches.
As above, we compute the counts for each occurrence of the pattern with

mismatches over the background sample and divide by the si e of the sam-

ple. e use to denote the probability of a pattern  occurring with
mismatches. e then estimate the probability for the dyad pattern  using

St . If is the number of allowable separation
distances, the score for a dyad is defined to be

1
or a minimum score threshold , we set minimum number of occurrences for
a dyad pattern  as 1
Two other types of information is the distribution of separation distances
between the dyad signals and the distribution of the positions of instances of
the signal.  any dyads which correspond to a binding site, have a peak in
the histogram of separation distances at a certain separation distance such as
in igure 1 a for su iis. Similarly, many binding sites tend to occur in a
similar position relative to the transcription start of the gene such as in igure
1lc su i14s. At the same time, for most regulatory signals the situation is
more di cult, for example, the same histograms for 041 b,d show less
pronounced peaks.

e incorporate this information by assessing the statistical significance of
the distribution of both the separation distance between the two parts of the
dyad and of the position of the signal relative to the estimated transcription
start site . In the first case our null hypothesis is that every instance of the
dyad is independently equally likely to fall in one of the » 1 1 possible
bins one for each possible separation distance. or the positional histogram,
since there is often some exibility in the position of the transcription factor
relative to the transcription start site, we group the positions using bins of 0
bp.

e assess the statistical significance of the observed data using the statistic

which equals the maximal number of instances that fall in one bin. nder
our null hypothesis is distributed as the maximum multinomial bin which
is given by 2

os 01
where is the total number of instances, is the number of bins, ¢ is
the cdf of a oisson random variable with parameter evaluated at , and
is a sum of 1iid oisson random variables , each of which is sub ect

to truncation at .
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igure 1: Histogram of Separation istances and Positions for the Pribnow-Gilbert dyad

signal TTGACA-17-TATAAT. Separation istances in (a) S genome and (b) C genome.

Positions in (¢) S genome (d) C genome. We bin the positions of the signal instances into

buckets ( 0 bp by default) since positions rarely exactly match and the exact transcription
start position often unknown.

In practical terms can be computed by a -fold convolution of
the truncated oisson distribution. ote that the distribution of a oisson
random variable which is truncated at is given by ¢ 0s for

01 , where ¢ is the standard oisson probabil-
ity mass function. Also, by Stirling s approximation, for a reasonably si ed
we can approximate ——— . or both of these scores we compute
the -value of the statistic and report its negative log.

Findin wut ti r u tor nt in ctri no

e performed blind experiments over 0 bacterial genomes Table 1 and ex-
tracted the top dyad signals for each genome. e searched for dyads con-
sisting of two conserved regions of length  with separation distances from
to  bases. To validate our results, we checked the found signals against the
known regulatory elements in bacterial genomes. Table shows the top signals



Table 1:

from each of the 0 genomes with respect to strength score and provides the
strength score, the dyad score and the positional score for each signal. e
do not report a signal if i it is a slight variation of a higher scoring signal,
ii if it is a shifted variant of a higher scoring signal, or iii if it is a reverse
complement of a higher scoring signal.

The set of putative signals identified by our algorithm contains a number
of known signals and several promising candidates for more detailed analysis.
Among the known signals are the classical promoter signals consisting of the
standard ilbert and ribnow boxes. They have been found in all ram-

positive bacteria from the a i us group su 11, ogenes, and
a s, as well as in alpha-proteobacterium TO a € .
or nine genomes S, , , I , , A, ST, and we dis-

covered the particularly strong signals with high dyad and strength scores. or
six of these genomes, these signals correspond to known biological signals or
to variants of known signals.
In  su iis , one of the strongest dyad signals that we recovered was
the classical ribnow- 11bert promoter consensus 1
This signal is over-represented in the divergent intergenic regions relative to
the convergent intergenic regions, has a very strong distance peak at the dis-
tance 1 as well as a strong positional peak at distance in the range - 0 to
- 0. The distribution of separation distances is shown in igure 1 a and the
positional distribution is shown in 1 ¢ . In 01 , the found signal in
o i perfectly matches the binding signal of the transcription factor
T T AT- -AT A A.In in uen ae , all three signals found in



in uen ae are interesting. The first found dyad T T-1 - TTTT signal
has a strongly conserved region around the dyad represented by the longer dyad
AAAA' T T A-10- TTTT. The second found signal is the binding
signal of the transcription factor . In addition, the third signal has an ad-
ditional interesting feature. Although it looks like an rich signal it tends to
occur in non-  rich regions which suggests that it is a real binding site. In

a is , the found dyad corresponds to the canonical ribnow- ilbert
promoter consensus. In ogenes , the found dyad corresponds to the
canonical ribnow- ilbert promoter consensus. In P mu o ida , the
found dyad is a slightly shifted form of the binding signal of the transcription
factor . In addition, there are two lower-scoring but still interesting palin-
dromes AAT T -10- A ATT and AATTT -1 - AAATT that may be the
binding signals for yet unknown transcription factors. e plan to do detailed
analysis of these signals in order to determine the corresponding regulons.

any of the other signals detected also correspond to known binding sites.
In  meningi idis and ro a e i P ,wedetect canonical ribnow-
ilbert boxes. Among other identified signals, there are modified forms of the
ribnow- ilbert promoter consensuses TT A A-1 -ATAATT in neumo
niae P the ribnow box is shifted by 1 bp to the right the spacer length
is longer than in other species , TTAAT - 1-TATAAT in ori P,
identified earlier in2?! unusual ilbert box and longer spacer , TT A -1 -
TA AATin P aeruginosa P  modified boxes ,and TT A-1 -TA AAT
in P mu o ida modified boxes . any of the other signals that we find
are palindromic signals Table

The known promoter signal of 01 was too weak to be discernible in
this analysis as well as previous genome-wide analyses?'. The promoter signal
in o asmas is also very weak even given a sample of mapped promoters

it is not possible to derive a good consensus? . The signals identified in

u er u osis do not resemble the promoter consensus of a closely related bac-
terium ara u er uosis? . e also did not find any signal corresponding
to the suggested consensus TTTAA T-1 -1 -TATAAT of euni? .

Some signals may still be artifacts. In particular, the AT-rich signals
of 0 asmas represent neither promoters identified in experimental study
2 | nor can they be binding signals of transcription factor rcA the I
box TTA A T -- A T TAA identified in2 . Despite the method s
inability to find these signals, the fact that we were able to identify many of
the promoters and transcription factor binding signals demonstrates the power
of the method and indicates that at least some of the identified candidates
deserve closer look.



Table 2:




Conc u ion

e presented an approach for fully automatic discovery of putative regulatory
signals in bacterial genomes. The approach emphasi es the interplay of three
processes sample generation, signal finding, and scoring.

e applied our IT A algorithm to 0 bacterial genomes and detected
signals that correspond to known binding sites in 1 of the 0 genomes. The
ma ority of the strong signals detected by IT A, do in fact correspond to
known biological binding sites. f the 1 particularly strong signals detected
by IT A, correspondtoa ribnow- ilbert signal or one of its variants and

correspond to a signal. A very promising direction is to further examine
the remaining strong signals to determine whether or not they correspond to
actual binding sites.
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