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The rapid increase in genome sequence information has necessitated the annotation of their

functional elements, particularly those occurring in the non-coding regions, in the genomic

context. Promoter region is the key regulatory region, which enables the gene to be transcribed

or repressed, but it is difficult to determine experimentally. Hence an in silico identification of

promoters is crucial in order to guide experimental work and to pin point the key region that

controls the transcription initiation of a gene. In this analysis, we demonstrate that while the

promoter regions are in general less stable than the flanking regions, their average free energy

varies depending on the GC composition of the flanking genomic sequence. We have therefore

obtained a set of free energy threshold values, for genomic DNA with varying GC content and

used them as generic criteria for predicting promoter regions in several microbial genomes,

using an in-house developed tool ‘PromPredict’. On applying it to predict promoter regions

corresponding to the 1144 and 612 experimentally validated TSSs in E. coli (50.8% GC) and

B. subtilis (43.5% GC) sensitivity of 99% and 95% and precision values of 58% and 60%,

respectively, were achieved. For the limited data set of 81 TSSs available for M. tuberculosis

(65.6% GC) a sensitivity of 100% and precision of 49% was obtained.

Introduction

Nucleotide sequence is the key determinant of the DNA

structure of the functional elements in the intergenic as well

as the protein coding regions in the genomic sequence and this

sequence dependent local structure, which is recognized by the

regulatory machinery to control various cellular processes.

Apart from various experimental methods for the identification

of coding and regulatory region in the genomic DNA,

several in silico methods also have been developed for their

identification.1–3 Better understanding of the various sequence

and structural features associated with DNA sequence will

assist in recognizing regulatory regions as well as protein

coding regions within genomic sequences. Algorithms based

on hidden Markov models (HMM) and physicochemical

properties of codons have been used to identify genes in

prokaryotic as well as in eukaryotic genomes.4–6 For the

identification of promoters, transcriptional start sites and

transcription factor binding sites in genomic sequences of

prokaryotes as well as eukaryotes, several algorithms have

been developed based on identifying sequence motifs.2,7,8

However, high sequence conservation is not widely prevalent

in promoters and the exact consensus sequence motifs are

found in only a few promoters.9 Regulatory sequences such as

promoter regions not only contain specific sequence elements

that serve as recognition sites for interacting proteins, but also

exhibit distinct structural properties, which are a reflection of

the sequence. There is increasing evidence that DNA structural

properties significantly affect interaction with proteins that

regulate the expression of the genes.10 Various structural

properties such as DNA curvature and relative stability along

genomic DNA sequences,11,12 stress induced DNA duplex

destabilization,13,14 occurrence of a G-quadruplex DNA structural

motif,15–17 DNase I hypersensitive sites (DHSs)18 and hydroxyl

radical cleavage patterns19 have also been studied to predict

the promoter regions and other functional non-coding

elements. In general, the promoter prediction algorithms,

when tuned to provide acceptable results in terms of identification

of known promoters (true positives), simultaneously predict a

very large number of additional promoters (false positives).

This leads to high sensitivity but low values of precision for the

predictions. Since an accurate identification of the promoter

region is important for genome-wide annotation, in order to

formulate experimental studies to understand transcriptional

regulation, several laboratories have been analyzing multiple

structural properties to predict promoter regions in prokaryotes

and eukaryotes.20–23 Among the various properties examined,

the relative stability of DNA fragments provides the most

discriminating criteria for identifying promoter regions from

non-promoter regions.12,22,23 It was also found that the average

free energy over promoter regions depends upon the overall

AT/GC composition of the organism and an algorithm was

devised to predict promoters based on the %GC content of the
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genome.24 We subsequently found that even within a particular

genome, different regions have considerably varying GC

content. Hence we have modified the algorithm to take into

account the GC content of the flanking sequences of genomic

DNA encompassing the promoter region. Here we present a

detailed analysis of the promoter regions in three selected

prokaryotic genomes, with varying GC composition

(viz, Escherichia coli 50.8%, Bacillus subtilis 43.5% and

Mycobacterium tuberculosis 65.6%). Our results indicate that

while the promoter regions overall are less stable, their average

free energy, as well as the difference in the their average free

energy when compared to other genomic regions, varies

depending on the GC content in the vicinity of the promoter

sequence. Based on these observations we have developed a

protocol, encoded into a program ‘PromPredict’, for microbial

promoter identification and applied it to analyze several

bacterial whole genome sequences. We obtain a very

good balance between reliability and precision for promoter

prediction, as compared to other methods.

Results and discussion

It has been shown earlier that promoter regions are less stable

when compared to other genomic regions in both prokaryotic

and eukaryotic genomes and this feature was used to

characterize promoter regions in the vicinity of a small dataset

of known TSSs in E. coli.12,23 The dataset of experimentally

validated TSSs has grown considerably in the past few years

and the updated TSS information for three representative

prokaryotic organisms E. coli, B. subtilis and M. tuberculosis

has been considered (details given in Methods) for arriving at

a generic relative stability based criterion for promoter

prediction. The average free energy (AFE) or stability profile

for a subset of experimentally determined E. coli, B. subtilis

and M. tuberculosis promoter sequences spanning TSSs that

are at least 500 nt apart is shown in Fig. 1. This subset has

been chosen in order to avoid the influence of nearby promoters

on the average stability profile. Though these three bacterial

genomes have different G + C compositions, varying from

43.5% for B. subtilis to 50.8% for E. coli and 65.6% for

M. tuberculosis (details given in ESI Table S1z), the average

stability profiles of all three show a prominent low stability

peak near the TSS (Fig. 1). There is also a nearly constant

difference in the calculated free energy of this region when

compared to the upstream and downstream regions. The low

stability region spans about 150 nt (�100 to +50 with respect

to TSS) in the cases of E coli and B. subtilis, with distinct low

stability peaks occurring at �10 and �50 regions as well as a

subsidiary peak around �35 region, while the low stability

region is considerably narrower (B60–70 nt) forM. tuberculosis

(Fig. 1). The �10 and �35 regions are well known to be

characteristic features of prokaryotic promoters. The low

stability around �50 region might arise due to the UP element

that stimulates promoter activity by binding to the C-terminal

domain of the RNAP a-subunit (aCTD).25–27 Interestingly

the genomic sequences in both upstream and downstream

regions are slightly more stable than the corresponding shuffled

sequences.

Since the GC content of the three organisms varies

considerably, the average free energy (AFE) for the three

systems are quite different, but a closer inspection reveals that

the sequences with similar GC composition, within these

systems, have approximately the same AFE values. Promoter

sequences which transcribe protein coding genes from these

three different bacteria were hence categorized on the basis of

their GC composition (at 5% GC intervals) and their average

free energy was calculated (see ESI Table S2.1z). It was

confirmed that the average free energy for the E. coli and

B. subtilis promoter sequences, which were categorized under

the %GC intervals 35–40%, 40–45%, and 45–50% are

approximately same (particularly for the 1001 nt long

regions spanning from �500 to +500 with respect to TSSs)

(see ESI Table S2.2z). Based on this observation, threshold

values have been derived (details given in Methods) for

identifying promoters within genomic DNA sequences with

the GC content varying from 35% to 60%. The cutoff values

assigned for the AFE value ‘E’ for a 100 nt long promoter

fragment and the difference ‘D’ between this ‘E’ and the AFE

for the downstream shuffled sequence (REav), for seven ranges

of GC content, are shown in Fig. 2.

To test the validity of these cutoff values, they were applied

to predict the promoter regions in all 1144, 612 and

81 promoter sequences (with known TSSs) from E. coli,

B. subtilis and M. tuberculosis, irrespective of the %GC

content within the 1001 nt long fragment. The sensitivity

and precision values obtained on applying each of the E and

D values over the full TSS dataset, for each of the three

genomes, after the first cycle of promoter prediction (using a

100 nt window for E1 calculation) and after the second cycle of

promoter prediction (using a 50 nt window for E1 calculation

over the false negatives from first cycle) are shown in Fig. 3A

and B, respectively. The sensitivity increases significantly as we

go from a stringent cutoff value for E (corresponding to low

GC content) to more relaxed cutoff values (corresponding to

higher GC content). Interestingly the precision value shows a

much smaller variation over the same range of E. As expected,

the optimum combination of sensitivity and precision is

obtained, for each of three datasets, for E and D values

corresponding to their respective whole genome %GC content.

On applying the same generalized threshold values for E andD,

but this time based on the %GC content of each 1000 nt

fragment, as described in methods section, we achieve a good

balance between high sensitivity (96–99%) and reasonable

precision (50–60%) values for all three promoter datasets

(denoted as filled square boxes in Fig. 3). Both sensitivity

and precision values are better than those obtained on applying

the cut-off values based on whole genome %GC content.24

Hence a uniform criterion of applying the generalized E and D

cutoff values, which are specific to the %GC content of each

1000 nt long fragment, was used to predict promoter regions

over the whole microbial genome sequences.

Promoter prediction analysis over annotated TSSs

The promoter prediction methodology was used to predict

promoter regions in 1001 nt long sequences, flanking the full

set of annotated TSSs (�500 to +500 with respect to the

This journal is �c The Royal Society of Chemistry 2009 Mol. BioSyst., 2009, 5, 1758–1769 | 1759
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annotated TSSs) in E. coli (1144 promoter sequences); B. subtilis

(612 promoter sequences) and M. tuberculosis (81 promoter

sequences). Table 1 lists the number of true positive (TP), false

positive (FP) and false negative (FN) predictions and the

calculated sensitivity and precision for our method. In spite of

the different genome compositions and size of the data sets used,

the method has higher than 96% sensitivity for a promoter signal

indicating that hardly any known promoters are missed.

A precision of 50–60% is also achieved in all three cases. Since

a large number of candidate promoters act in negative or

positive competition towards the channeling of RNAP to the

promoter28–30 this may be responsible for the presence of many of

the false positive signals, leading to moderate precision values

(Table 1). It is also significant that an overwhelming majority of

promoter regions (490%) identified as true positives by our

method lie in the intergenic regions, which constitute only

9–13% of the total genome sequence in prokaryotes.

Whole genome annotation for promoter regions

In addition to confirming the identification of specific

promoter regions in the vicinity of a known TSS, whole

genome annotation of promoter regions was carried out for

E. coli and B. subtilis. Since a promoter region is predicted

based on the relative stability between 100 nt long neighboring

regions,24 in the direction of transcription, we have carried out

separate predictions for the forward and the reverse strands of

the genome. Table 2 gives the statistics for the whole genome

annotation for promoter regions in E. coli and B. subtilis as

per the TP and FP criteria (with respect to the TLS of

annotated genes) defined in Methods. A total of 3157 and

2403 TPs are found associated with 2610 and 2059 genes in

E. coli and B. subtilis, respectively, while 1934 TPs associated

with 1675 genes are identified in M. tuberculosis genome

sequence (data not shown).

Fig. 1 Average free energy (AFE) profiles corresponding to a sliding window of 15 nt length. 1001 nt long genomic sequences, spanning �500 nts
on either side of TSSs that are at least 500 nt apart have been considered. Red lines show the AFE values for (A) 491 E. coli promoter sequences (B)

283 B. subtilis promoter sequences and (C) 40 M. tuberculosis promoter sequences. Blue lines represent the average stability profile for shuffled

sequences; with three regions �500 to �100 nt, �80 to +20 nt and +100 to +500 nt being shown in each case.

1760 | Mol. BioSyst., 2009, 5, 1758–1769 This journal is �c The Royal Society of Chemistry 2009
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The predicted promoter regions were also cross verified

against the annotated TSSs of E. coli and B. subtilis as per

the true positive (TP) definition with respect to the TSS

(see Methods). Even though a very stringent true positive

criterion was applied, 803 TPs were identified in E. coli and

374 TPs for B. subtilis, indicating that we achieve 70%

reliability in case of E. coli and 61% in case of B. subtilis

(Table 2). When the additional 136 TSSs annotated in the

subsequent updated version 11.6 of Ecocyc database were

analyzed, the same reliability (70%) as that seen for the earlier

dataset (Ecocyc database version 11.0) was obtained, thus

confirming the robustness of our methodology. The complete

information about the predicted promoters obtained using

PromPredict for E. coli is available in the database ‘EcoProm’

(http://nucleix.mbu.iisc.ernet.in/ecoprom/index.htm)

A salient feature of microbial genomes is the dense packing

of genetic elements. More than 88% of the E. coli genome

encodes for proteins and stable RNAs.31 Despite the fact

that the intergenic region constitutes a very small part of

prokaryotic genomes (13%, 11% and 9% in E. coli, B. subtilis

andM. tuberculosis, respectively) most of the predicted regions

lie within or overlap with the intergenic regions. In the whole

genome annotation for promoter regions, 42%, 50% and 28%

of predicted regions in case of E. coli, B. subtilis and

M. tuberculosis, respectively, fall within the tandem and

divergent intergenic regions (Fig. 4). About, 48%, 42%

and 66% of the predicted regions in case of E. coli, B. subtilis

and M. tuberculosis, respectively fall within coding regions

irrespective of their direction of transcription. Due to the very

small number and size of intergenic regions in prokaryotic

genomes (particularly in case of M. tuberculosis), all the false

positives listed in Table 2 as well as in Fig. 4 may not really be

false positives, but actual promoters which happen to lie

in a coding region (for example rpoS has internal promoter

rpoS32 located within the nlpD gene).

Promoter regions for RNA coding genes

There are 182 RNA genes (86 tRNA, 22 rRNA and 74 other

RNA genes) reported in the Ecocyc database (V 11.0) for

E. coli. Analysis of the upstream region (aligned with respect

to the 50 end of the RNA gene which is referred as TLS of

RNA gene in the current study) of these RNA gene sequences,

using WebLogo,33 reveals that the promoter sequence is

poorly conserved for tRNA and other assorted RNA genes

(see ESI Fig. S1A and Fig. S1Cz). However in the 22 rRNA

promoter sequences, there is an A + T rich UP element

(see ESI supplemental Fig. S1Bz).34,35 The AFE profile shows

that in general there is a low stability region in near vicinity of

RNA gene TLS, though the other features of the average

stability profile seem to differ for diverse classes of RNA genes

Fig. 2 Thresholds of free energy values used to predict promoters in

genomic DNA with varying GC content. 1001 nt long genomic

sequences spanning �500 nts on either side of 457, 282 and 40 TSSs

of protein coding genes, in E. coli, B. subtilis and M. tuberculosis were

categorized based on their %GC content (see ESI Table S2.1z). The
average free energy value ‘E’ and its standard deviation, over the �80
to +20 nt region is shown (in red) for the promoter sequences with

various GC composition. ‘REav’, the average free energy values over

the shuffled sequences generated from +100 to +500 nt regions

downstream of the TSSs are also plotted (in blue). The threshold

values assigned to E and D (the difference between E and REav) for

identifying promoter regions within genomic DNA with varying %GC

content (details given in methods) are tabulated below the plots.

Fig. 3 Sensitivity and precision values achieved for promoter prediction for experimentally determined TSS dataset. (A) First cycle results, using a

100 nt window for ‘E1’ calculation. (B) Second cycle results, using a 50 nt window for ‘E1’ calculation over the false negatives from first cycle. Each

data point represents the sensitivity (along the X-axis) and precision (along the Y-axis) calculated on applying the E and D cutoff values

corresponding to the 7 different %GC ranges (as shown in Fig. 2) and denoted by numerals 1 to 7 for the 1144 and 612 promoter sequences from

E. coli, B. subtilis, respectively. Only data points 5, 6 and 7, corresponding to the three high GC content ranges (50–55, 55–60 and460%GC), are

relevant for the M. tuberculosis dataset with 81 TSS. The filled squares indicate the sensitivity and precision values obtained on applying the

generalized E and D cut-off values specific to the %GC content of each 1001 nt long promoter sequence.

This journal is �c The Royal Society of Chemistry 2009 Mol. BioSyst., 2009, 5, 1758–1769 | 1761
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Table 1 Sensitivity and precision achieved for PromPredict. Genomic sequences of 1001 nt length (�500 to +500) have been extracted with
respect to the annotated TSS. The relative low stability promoter regions have been obtained with respect to the TSSs and the number of true
positives (TP), false positives (FP) and false negatives (FN) calculated, as defined in ref. 24. FN after the first cycle is put through a second cycle of
promoter prediction, with a smaller fragment of 50nt length being used for E1 calculation. The FN count after second cycle was considered for
sensitivity calculation. TP and FP counts also include the predictions from both cycles

E. coli B. subtilis M. tuberculosis

Number of promoter sequences analyzed 1144a 612a 81
Number of predictions 1525 783 107
TP 882 470 52
FP 643 313 55
FN 12 24 —
Sensitivity = TP/(TP+FN) 0.99 0.96 1.00
Precision = TP/(TP + FP) 0.58 0.60 0.49

a One TSS in E. coli and three TSSs in B. subtilis do not have 500 nts either in upstream or in downstream region. Hence, they were not included in

the dataset of promoter sequences.

Table 2 Prediction of promoter regions over whole genome sequences of E. coli and B. subtilis. True positives (TP) and false positives (FP) were
calculated with respect to the TLS of each gene as described in methods

E. coli B. subtilis

Forward strand
of the genome

Reverse strand of
the genome

Total

Forward strand
of the genome

Reverse strand of
the genome

Total
Protein
genes

RNA
genes

Protein
genes

RNA
genes

Protein
genes

RNA
genes

Protein
genes

RNA
genes

Number of annotated TSSs 507 34 582 25 1145a 305 5 302 2 615a

Number of annotated genes 2089 109 2185 73 4456 1942 85 2164 34 4225
Number of promoter predictions 4540 4596 9136 3071 3057 6128
Number of TPs w.r.t TLS of all genes 1742 1415 3157 1238 1165 2403
Number of genes for which TPs are identifiedb 1333 78 1150 49 2610 1013 44 991 11 2059
Number of promoter regions identified within coding
sequence. (FPs w.r.t TLSs)

1135 928 2063 637 503 1140

Number of TPs identified for annotated TSSs 361 19 409 14 803 175 4 193 2 374
Reliability (%)c 70 61

a 3 TSSs of E. coli and 1 TSS of B. subtilis regulate protein as well as RNA genes. b A gene is counted only once, even if there is more than one

predicted region that satisfies the TP criteria. c Reliability is defined as the percentage of annotated TSSs for which TPs are identified (a genome

fragment of 100 nt was used for E1 calculation).

Fig. 4 Distribution of predicted promoter regions over the intergenic and coding regions. The pie charts show the overall distribution of

intergenic and coding regions in E. coli, B. subtilis andM. tuberculosis genomes. Histograms show the distribution of predicted promoter regions in

different classes of intergenic regions for the forward and reverse transcribing strands. The intergenic regions between TAN, DIV, CON genes, as

well as coding region, are color coded, as indicated on right.

1762 | Mol. BioSyst., 2009, 5, 1758–1769 This journal is �c The Royal Society of Chemistry 2009
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(Fig. 5). A broad low stability region in case of rRNA average

stability profile can be correlated with the AT rich UP element.

Promoter prediction by our method works much better in case

of rRNA transcription units (TUs) than for tRNA TUs. We

identified true positives for 70% of RNA genes (96% of rRNA

genes, 41% of tRNA genes and 64% of other RNA genes) in

E. coli and 46% of RNA genes in B. subtilis, as against 58%

and 49% of protein coding genes in the respective genomes

(Table 2). In case of M. tuberculosis, TPs are identified for

41% of protein coding genes and 44% of RNA genes.

Promoter prediction for other E. coli strains

Whole genome sequences of 9 other E. coli strains

(AC_000091, NC_002655, NC_002695, NC_004431,

NC_007946, NC_008253, NC_008563, NC_009800, and

NC_009801) were also annotated for promoters. In all these

cases, our method is able to identify promoter regions for

about 55% of protein coding genes and about 70% for RNA

genes (see ESI Table S3z) except for the E. coli strain CFT073

(NCBI accession: NC_004431) for which promoter regions are

predicted for 49% of protein coding and 57% of RNA genes.

This may be due to the higher gene density in this E. coli strain

as compared to other strains.

Bidirectional promoter regions

A particular region may be identified as a promoter for both

the directions of transcription, in case of divergent intergenic

regions. For example, fepA and fes; fepD and entS (synonym

ybdA) genes in E. coli are divergently oriented and have

different transcription start sites but the promoter region for

these divergent genes acts as a bidirectional promoter.36,37

Fig. 6 illustrates a gene transcription unit, for which the same

region is predicted as a potential promoter in both forward

and reverse strand direction. This single predicted promoter

region within a divergent intergenic region may act as a

bidirectional promoter.

Internal promoter regions

In prokaryotes, it is difficult to predict regulatory regions since

occasionally the promoter of an in-between gene occurring

within an operon might occur several genes upstream. Earlier

experimental evidence suggested that some genes have their

regulating transcription start site within the coding region of

an upstream neighboring gene, which might belong to the

same operon or even to a different operon. The promoters that

fall in the first class are called internal promoters.38–40 As

mentioned above, the rpoS gene in E. coli has its transcribing

TSS (rpoSp) within the coding region of nlpD gene.32

Generally these internal promoters seem to have a weaker

signal than the real promoter which lies further upstream of

the operon and transcribes all the genes in the operon. For 169

experimentally annotated TSS, the promoter regions are

known to lie within the coding region; and out of these,

81 have been identified correctly by our methodology, but

are counted as false positives in Table 2 and Fig. 4. Other

88 remaining experimentally identified internal promoters in

E. coli genome are not identified as promoter regions by our

method (using a 100 nt long fragment for defining a promoter).

Possible artifact due to change in stability at CON

intergenic region

The intrinsic termination signal in bacterial DNA is composed

of a GC-rich dyad symmetry element, followed by an oligo(T)

sequence, such that the transcribed RNA contains a stable

hairpin followed by a run of seven to nine uracil residues.41,42

Consequently, convergent intergenic region (CON intergenic

region) will be rich in thymine residues padded by GC-rich

sequences and an algorithm has been developed to predict

transcription termination signals based this motif.43 This

obviously leads to a lower stability at CON intergenic region,

as compared to its neighboring regions, raising the possibility

of false promoter predictions (Fig. 7). However, the

characteristic differences in stability of CON intergenic regions

and their neighboring regions are different from that observed

Fig. 5 Average free energy profiles for different classes of E. coli RNA promoter sequences, spanning �500 to +500 nucleotide region and

aligned with respect to TLS (50 end) of RNA genes.

This journal is �c The Royal Society of Chemistry 2009 Mol. BioSyst., 2009, 5, 1758–1769 | 1763
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between the promoter regions and their downstream regions

and our method is more sensitive to a promoter signal than the

artifacts arising at CON intergenic regions. Only 4% of

predictions in E. coli and B. subtilis and 2% of predictions

in M. tuberculosis fall within the convergent intergenic regions

(as seen in Fig. 4).

Artifact arising due to atypical G + C content in case of

horizontally transferred genes (HTG)

Other than internal promoters, we do pick up some artifacts in

case of horizontally transferred genes. A substantial amount

of genetic information is inserted into or deleted from bacterial

genomes through the process of horizontal transfer. Genes

that are new to a bacterial genome often have atypical G + C

content and codon usage bias when compared to other genes

in the particular genome.44,45 Horizontally transferred genes in

prokaryotic genomes also exhibit biased biological functions

such as membrane, energy metabolism, regulatory functions,

transport/DNA binding, pathogenicity and transposon

related functions.44,46,47 We grouped the contiguous genes,

which have a high number of predicted promoter regions

within coding region (false positives), over genomic scales

and investigated their biological functions. We find that

most of them are categorized under the above mentioned

biased functions (data not shown. see ESI Fig. S2 and

Fig. S3z). The horizontal gene transfer database (HGT-DB)

(http://www.tinet.org/Bdebb/HGT/)48 proposed a list of

359 horizontally transferred genes for Escherichia coli K12.

A total number of 111 genes out of the 359 proposed

horizontally transferred genes were found within the gene

clusters formed as described above.

Comparison with other sequence and structure based promoter

prediction methods

We have compared our ‘PromPredict’ method with the PPP

tool which determines the putative promoter sequences by

Fig. 6 Regulatory architecture of bidirectional promoter region in E. coli. (A) fepA and fes divergent gene transcription unit, (B) fepD and entS

(synonym ybdA) divergent gene transcription unit. Thick colored arrows represent the genes, pointing in their direction of transcription. Promoter

positions are shown in black with the arrow head pointing in the direction of transcription. The green shaded rectangular box is the predicted

bidirectional promoter region. Genomic position is indicated as nucleotide position �105.

Fig. 7 Average stability profile for convergent intergenic regions in E. coli. A set of 577 convergent (CON) intergenic regions, of 2001 nt length,

are extracted from E. coli genome sequence. The 30 end position of the downstream gene of CON intergenic region is aligned at ‘0’ nucleotide

position.
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using multiple HMM models (http://bioinformatics.biol.rug.nl/

websoftware/ppp/ppp_start.php), NNPP49 which uses time

delay neural network architecture trained on sequence

motifs to predict promoter regions, SIDD13,50 which does

the promoter prediction based on stress induced duplex

destabilization and QuadFinder17 which uses consensus

G-quadruplex sequence motif to identify DNA quadruplex-

forming nucleotide sequences, within regulatory non-coding

regions of prokaryotes.

The whole genome annotation for promoter regions in

E. coli by our method (PromPredict), NNPP2.2 (http://www.

fruitfly.org/seq_tools/promoter.html) and PPP has been

compared and results shown in Table 3. Even though NNPP

shows comparable sensitivity (99%), the precision (24%) is

very much lower while the FP rate (999 nts per 10 Kbps) is

very much higher for NNPP, when compared to PromPredict

(sensitivity 99%; precision 58%; FP rate 206 nts per 10 Kbps).

To illustrate the comparison of our method with NNPP,

promoter prediction analysis over 1001 nt long genomic

DNA sequences with respect to the translation start site

(TLS) of six randomly chosen E. coli genes (hns, crp, fnr,

narX, codB and ndh) has been carried out using both methods

and the results were plotted as shown in Fig. 8, using feature

map, the regulatory sequence analysis drawing tool51 available

at (http://rsat.ulb.ac.be/rsat/). It is seen that while often both

PromPredict and NNPP predict the true TSS region, NNPP

also gives a much higher number of additional predictions in

the coding region of each gene, when compared to our

method. The predictions for crp gene in particular are

worth noting, while PromPredict was able to identify the true

positive promoter region for the TSS which lies �167 nt

upstream of TLS, NNPP places the predicted promoters

within the coding region. The PPP method shows lower

sensitivity (91%) and precision (28%) for the known TSSs

as compared to both NNPP and PromPredict and true positive

promoter regions are identified for only 34% of E. coli genes,

when compared to 59% by PromPredict and 85% by NNPP.

Promoter prediction methods based on DNA sequence

and its structural response to superhelical stress (SIDD)13

have shown that the regions between �174 and +57 with

respect to TSSs are significantly destabilized and the maximum

destabilization occurs at position �49 relative to the TSS.

The strand separation occurs at this region because of

high density of A,T-tracts (W tracts) in the vicinity of TSS

despite the fact that negative superhelicity couples the entire

constrained chromosomal loop.52,53 As mentioned above, we

also see (Fig. 1) that the low stability region spans 150 nt

(�100 to +50 with respect to TSS) with distinct low stability

peaks occurring at �10 region, �50 region and a subsidiary

peak around �35 region.24 However, the �10 region is the

least stable when compared to the flanking region. SIDD was

reported to attain a reliability of 37%, when this property

alone was used as a distinctive structural attribute to identify

promoter sequences in the E. coli genome13 for 927 documented

TSSs from RegulonDB (version 4.0).54 By our method, a

reliability of 70% has been observed for E. coli genome

annotation of promoter regions, when it was cross verified

against the 1145 TSSs of E. coli from Ecocyc database55

(version 11.0); and more than 90% of them are located in

intergenic regions. The shorter span of promoter regions

predicted by our method (more than 99% of the 9136

predicted promoter sites are less than 200 nt in length, as

shown in ESI Fig. S4z) as compared to predicted SIDD sites

(where only 73% of the 10 069 predicted sites are less than

200 nt long56) indicates that our method is perhaps more

precise in defining a promoter signal.

Comparison of our method with SIDD and G4 motif based

promoter prediction tools was carried out in detail for two

large, randomly chosen, E. coli genomic fragments and

results are shown in Fig. 9A and B. Predicted SIDD sites

within these two regions were retrieved from the database

for SIDD profiles of complete microbial genomes50

(http://orange.genomecenter.ucdavis.edu/benham/sidd_database/).

Analysis of these SIDD sites shows that they occur close to

low stability regions (AFE peaks in Fig. 9), but almost every

low stability peak has a SIDD site associated with it (Fig. 9B),

when most of them are probably not destined to be promoters.

It is interesting that PromPredict along with identifying

promoters for various protein coding genes also predicts

promoters for E. coli genes that code for RNA, a fact

confirmed by results shown in Fig. 9A, where a promoter

region for the tpke1 tRNA gene is identified.

Table 3 Comparison of PromPredict results for E. coli with sequence based promoter prediction programs NNPP2.2 and PPP

PromPredict NNPP2.2a PPPa

Cutoff (default) Generalized cut-off
based on %GC

0.8 E cutoff o1 in all
HMM model

Number of TSSs 1144
Sensitivity = [TP/(TP+FN)] 0.99 0.99 0.91
Precision = [TP/(TP+FP)] 0.58 0.24 0.28
Number of genes 4456
Number of Promoter Predictions (PP) 9136 (5% of genome) 29018 (17% of genome) 5330 (1% of genome)
Number of genes for which proximal
promoter regions are identified

2610 (59%) 3774 (85%) 1500 (34%)

Number of promoter regions within
coding region (FPs w.r.t TLSs)

2063 (23% of total PP) 9216 (35% of total PP) 1348 (25% of total PP)

FP rateb 206 nts in 10 Kbps 999 nts in 10 Kbps 58 nts in 10 Kbps
Reliabilityc 70% 86% 35%

a For NNPP and PPP, the overlapping predicted regions are combined into a single region when counting PP. b Number of nucleotides in

predicted FP regions. c Reliability is defined as the percentage of TPs identified (in case of PromPredict, a genome fragment of 100 nt was used for

E1 calculation) over whole genome, as a fraction of the total annotated TSSs.
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Analysis of G4 motif search in different E. coli genomic

regions using QuadFinder57 showed that they are also

associated with a short low stability signal in their upstream

region (as can be interpreted from the peaks in the AFE plots in

Fig. 9). The occurrence of these local destabilized sites

for duplex DNA, in the vicinity of regulatory regions, may

be presumed to induce the sequence specific formation of

G-quadruplex, on strand separation. However, the tools to

identify G4 motif lead to a much larger number of predictions,

other than in the vicinity of promoter regions (Fig. 9), as

compared to our method.

Methods

Escherichia coli data set

Information related to 1230 E. coli (str. K12 substr. MG1655)

promoters was downloaded from the Ecocyc database

(version 11.0, updated on 22nd February, 2007,

http://www.ecocyc.org).55 For 85 of them either the

transcription direction or transcription start site (TSS)

information was not available. Hence, only 1145 TSSs were

considered in the present study. Whole genome sequence of

E. coli, which consists of 4 639 675 nt was downloaded from

NCBI (accession no: NC_000913) (http://www.ncbi.nlm.nih.gov).

A total number of 4461 gene annotations were also

downloaded from Ecocyc database. Among them 4456 have

the required details (gene id, name, left end position, right end

position and transcription direction). These 4456 genes are

classified into two categories; 4274 protein coding genes and

182 RNA coding genes.

Bacillus subtilis dataset

The details for 615 unique TSSs for B. subtilis (subsp. subtilis

str. 168) promoters were obtained from DBTBS database

release 3.1 (http://dbtbs.hgc.jp/).58 Whole genome sequence

of B. subtilis, which consists of 4 214 630 nt was downloaded

from the NCBI site (accession no: NC_000964) (http://www.

ncbi.nlm.nih.gov). Gene annotations for B. subtilis were

obtained from EMBL database (http://www.ebi.ac.uk/embl/).

Out of 4425 genes, 4106 genes code for proteins and 119 code

for RNA.

Mycobacterium tuberculosis dataset

A total number of 82 M. tuberculosis (H37Rv) TSSs

were retrieved from MtbRegList database (version 1.1)

(http://www.USherbrooke.ca/vers/MtbRegList).59 Whole

genome sequence of M. tuberculosis, which consists of

4 411 532 nt was downloaded from the NCBI site (accession

no: NC_000962) (http://www.ncbi.nlm.nih.gov). Information

for 4049 genes (3999 protein coding genes and 50 RNA

coding genes) was obtained from EMBL database

(http://www.ebi.ac.uk/embl/).

Using the transcription start site details obtained for E. coli,

B. subtilis andM. tuberculosis, nucleotide sequences of various

length spans with respect to the TSS, were extracted from the

respective genome sequences.

Promoter prediction methodology

Promoter sequences of 1001 nt length and corresponding to TSSs

which are at least 500 nt apart and associated with protein coding

genes, from three different bacteria (E. coli, B. subtilis and

Fig. 8 Comparison of promoter prediction results from PromPredict with NNPP for six representative genes. The TLS of the genes, identified at

extreme left of the figure, have been aligned at ‘0’ nt position and black arrow marks indicate the transcription direction of respective genes.

The green arrows show the TSS positions and point towards the direction of transcription while the arrow marks in magenta correspond to the

TLS of additional genes, located within �500 nt upstream of the TLS of the gene under consideration. Rectangular boxes are shown above the

horizontal black line to indicate predicted promoter regions for forward transcribing genes, while they are shown below the line to indicate

transcription in the reverse direction. Blue and red boxes indicate the regions predicted by NNPP and PromPredict, respectively.
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M. tuberculosis) were categorized on the basis of their GC

composition (at 5% GC intervals). The sequence information

was converted into numerical information (AFE profile) over a

sliding window of 15 nt, using the experimentally determined

dinucleotide free energy values60,61 as described in ref. 12. The

average free energy (E) over the proximal upstream region

(spanning from �80 nt to +20 nt with respect to the TSS) of

known TSSs with defined ranges of GC content was first

calculated. Then the average free energy (REav) over the shuffled

sequences generated from the downstream region (+100 nt to

+500 nt with respect to TSS) of the known promoter sequences

was calculated, with the operation being repeated 10 times. REav

remains constant even if the shuffling is carried out more than

10 times.D the difference between E and REav was then calculated

for each group of promoters. Five fold analysis and three fold

analysis (details in ESIz) have been carried out to get threshold

values for E and D, which yield high sensitivity (98%) and high

precision (60%) for the composite dataset (see ESI Table S4z). If
the %GC content of the 1001 nt DNA fragment is higher than

that of the whole genome, the E and D cut-off values are set to

those corresponding to the whole genome %GC.

A scoring function as defined in ref. 12 was used to calculate

the relative stability between neighboring regions of 100 nt

length, but in the current study the average energy was

assigned to the centre position corresponding to ‘n + 50’.

Thus E1(n + 50) and E2(n + 50) represent the free energy

averages for 100 nt fragments starting from nucleotides ‘n’ and

‘n + 150’, respectively. DE is the difference between E1 and

E2. A stretch of DNA sequence is assigned as a promoter only

if its average free energy (E1) and the difference in free energy

(DE) as compared to its neighboring downstream region

are greater than the chosen cut-off values for the respective

%GC range.

The sensitivity and precision for the predictions over known

promoter sequences were calculated using the same formulae

as in ref. 12. The true positives (TP), false positives (FP)

and false negatives (FN) with respect to known TSSs were

calculated as defined in ref. 24.

For the whole genome annotation of promoter regions, the

genome sequence has been analyzed using a 1001 nt long

sliding window with 250 nt overlap. The 500 nt sequence

upstream of gene translation start site (TLS) was considered

Fig. 9 Free energy plots and comparison of promoters predicted by structure based promoter prediction methods for two E. coli genomic

fragments. (A) Genomic region from 9000 nt to 15 300 nt, (B) Genomic region from 3 483 400 nt to 3 487 000 nt. Colour coding for predicted

promoter regions by different methods is indicated below the figure. Solid arrows in magenta represent the protein coding genes; tRNA gene is

shown in cyan and solid headed thin arrows in light green indicate the position of experimentally identified TSS. Rectangular boxes in red are the

transcription factor binding sites.
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as the proximal promoter region, where multiple transcription

factor binding sites are located, to trigger the initiation of

gene expression.62 We have analyzed the distance of the

E. coli transcription factor binding site relative centre

positions (taken from RegulonDB version 6.2 last updated

10th July 2008) from their respective TSSs and found that

about 95% of the binding sites lie within �300 to +100 of the

TSS (see ESI Fig. S5z). The distance distribution between the

annotated TSS and corresponding TLS of closest regulated

gene in the operon was also plotted (see ESI Fig. S6z) and it was

found that the maximum number of TSSs are located at least

20 nt upstream of the TLS. Hence we considered the promoter

predicted regions that fall within or overlap at least 20 nt with

the 500 nt upstream region of a gene as true positives.

The percentage of annotated TSSs for which TP promoter

regions are predicted by the whole genome annotation

procedure defines the reliability in the present study.

Conclusion

The relative stability based promoter prediction algorithm

‘PromPredict’ is highly sensitive (better than 95%) and

moderately precise (B50–60%) in identifying promoter

regions in the vicinity of known TSS for prokaryotic genomes,

independent of their GC content. It is also considerably more

reliable than other physicochemical and structural property

based methods, in locating potential promoters in whole

genome sequences of prokaryotes, when a single property

based predictions are considered. As noted for other physico-

chemical property based prediction programs, the precision

and specificity of the promoter prediction can be considerably

improved if the ‘PromPredict’ algorithm is combined with

other sequence based methods. The method can also, in

principle, be applied to identify other types of functional

genomic elements, such as transcription factor binding sites,

gene termination signal and other elements that exhibit little

obvious sequence consensus, in both prokaryotes as well as

eukaryotes. The generic nature of this method, along with the

promising evidence presented in the present study suggests

that the method in conjunction with other structural

properties can be used to investigate the characteristic

properties of specific subclasses of promoters, as well as

various other functional genomic elements.

The PromPredict tool is available for use at http://nucleix.

mbu.iisc.ernet.in/prompredict/prompredict.html.

The results for the whole genome annotation of promoters

by PromPredict algorithm, for the microbial genomes

discussed here are available at http://nucleix.mbu.iisc.ernet.in/

prombase/index.htm.
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