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Rpo D Promoters in Campylobacter jejuni Exhibit a
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We have used a hidden Markov model (HMM) to identify the consensus
sequence of the Rpo D promoters in the genome of Campylobacter jejuni.
The identified promoter consensus sequence is unusual compared to
other bacteria, in that the region upstream of the TATA-box does not contain a conserved 2 35 region, but shows a very strong periodic variation
in the AT-content and semi-conserved T-stretches, with a period of 10 –11
nucleotides. The TATA-box is in some, but not all cases, preceded by a
TGx, similar to an extended 2 10 promoter.
We predicted a total of 764 presumed Rpo D promoters in the C. jejuni
genome, of which 654 were located upstream of annotated genes. A similar promoter was identified in Helicobacter pylori, a close phylogenetic
relative of Campylobacter, but not in Escherichia coli, Vibrio cholerae, or
six other Proteobacterial genomes, or in Staphylococcus aureus. We used
upstream regions of high confidence genes as training data (n ¼ 529, for
the C. jejuni genome). We found it necessary to limit the training set to
genes that are preceded by an intergenic region of . 100 bp or by a gene
oriented in the opposite direction to be able to identify a conserved
sequence motif, and ended up with a training set of 175 genes. This leads
to the conclusion that the remaining genes (354) are more rarely preceded
by a (Rpo D) promoter, and consequently that operon structure may be
more widespread in C. jejuni than has been assumed by others.
Structural predictions of the regions upstream of the TATA-box indicates a region of highly curved DNA, and we assume that this facilitates
the wrapping of the DNA around the RNA polymerase holoenzyme, and
offsets the absence of a conserved 2 35 binding motif.
q 2003 Elsevier Science Ltd. All rights reserved
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Introduction
Campylobacter jejuni is a frequently reported
human gastrointestinal pathogen, with the number
of reported cases currently exceeding 80 per
100,000 inhabitants in several developed
countries.1 Moreover, the incidence of infection
has been increasing for over a decade, for reasons
unknown. The main route of transmission is
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assumed to be food-borne, but pets and contaminated water may also serve as sources of infection.
Molecular epidemiological studies have implied
that certain clones may be more pathogenic than
others,2,3 but such hypotheses are difficult to test,
since the mechanisms by which C. jejuni causes
disease remain largely unclear. A better insight
into gene organization, function, and regulation
in C. jejuni is clearly desirable to provide an
understanding of its fundamental biology, and
for possible exploitation in novel rational control
strategies.
The complete genome sequence of one C. jejuni
isolate from human diarrhoea has been determined.4 To initiate transcription of a gene or
operon, the RNA polymerase holoenzyme, to
which a sigma factor contributes specificity, has
to recognize and bind to the upstream promoter
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Figure 1. Sequence logo plot of predicted promoter
sequences (aligned at first T in TATA-box) from (A)
C. jejuni (184 sequences), and (B) H. pylori (65 sequences).
The vertical axis shows information content in bits. The
height of a nucleotide is proportional to its frequency in
the sequence at that position.20

region. Only three sigma factor genes have been
identified in the C. jejuni genome,5,6 the housekeeping sigma-factor Rpo D, and sigma-factors
FliA and RpoN that, among others, regulate genes
related to flagellar motility.7,8 However, C. jejuni
does not appear to have heat shock or stationary
phase sigma factors, unlike the enteric pathogens
belonging to the Enterobacteriaceae.5,6 On the
basis of these observations, the question arises of
how differential gene regulation in the C. jejuni
genome is achieved? Wösten and colleagues9
attempted to characterize the Rpo D promoter of
C. jejuni and concluded that the promoter is somewhat unusual and poorly conserved. Recent work
in our group has shown that the structural characteristics of the C. jejuni genome are distinct in a
number of ways.10
In this study, we use a hidden Markov model
(HMM) to identify conserved motifs upstream of
functional genes, within presumed promoter
regions. HMMs are probabilistic models that can
be used to describe classes of symbol sequences as
sets of states with transitions between them. In the
case of a DNA-sequence, each state has specific
probabilities for the four nucleotides, and one can
say that they “emit” nucleotides according to this
probability distribution. Transition and emission
probabilities are estimated using a set of sequences
of which the majority contain the target motif(s)
(“training” of the model). Subsequently, other
sequences can be run through the model (“decod-
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ing”), and a score for the extent of similarity to
the conserved motif in the training sequences can
be obtained.
An HMM can be constructed from several
modules that are trained separately, and then
combined. The modelling of complex sequence
motifs with partly unknown structures, like the
promoter described here, is a highly suitable task
for HMMs due to the flexibility inherent in the
HMM framework. The principles of HMMs have
been described in detail elsewhere.11,12
We chose to use “posterior decoding”,11,13which
in this application essentially calculates for every
nucleotide the probability that it was emitted
by one of the states modelling the TATA box.
The advantage of posterior decoding over the
commonly used Viterbi decoding is primarily
that one gains access to alternative parses of the
sequence given the model, in the sense that
alternative or overlapping promoter locations are
derivable from the output. This is particularly
relevant when two promoters with very similar
scores are predicted close to each other. They may
both be functional, or the prediction that scores
slightly lower may be the right one. In both cases,
both predictions are relevant output. The nonlooped architecture is distinct from the otherwise
rather similar model architecture described by
Jarmer and colleagues.14 When this architecture is
used, the score of one promoter becomes independent of the surrounding sequence, or of other
nearby or overlapping promoter motifs.
HMMs have been used to model promoter
regions in bacterial genomes14,15 as well as the
human genome,16 and a sensitivity of genomewide promoter prediction of 70% has been
achieved.14 Other approaches include the expectation maximization algorithm described by
Cardon & Stormo,17 and the motif-based approach
taken by Vanet and colleagues;18 however, a
comparable performance has not been achieved.
DNA structures were predicted within the predicted promoter regions, in terms of curvature,
melting, and flexibility19 to elucidate the mechanism of the identified Rpo D promoters.

Results
We trained an HMM using a training set of 175
promoters containing sequences of length 121 bp
to estimate the HMM parameters (see Methods).
The initial simple model contained only the motif
TATA and the ribosomal binding site/spacer
region (RBS-model13), with no restrictions on location, or distance between the two motifs. The
model was then expanded and improved gradually in successive training rounds, by the incorporation of tendencies inferred from the trained
model file or visualized by sequence logos,20 in
combination with prior knowledge of promoter
structure. The region between the TATA-box and
RBS was modelled first, by using the assumption
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Table 1. Bacterial genomes
Species
Aquifex aeolicus
Borrelia burgdorferi
Campylobacter jejuni
Escherichia coli
Haemophilus influenza
Helicobacter pylori
Pasteurella multocida
Pseudomonas aeruginosa
Rickettsia prowazeekii
Staphylococcus aureus
Vibrio cholerae (chromosome I)

Strain

Length

% AT

Accession no.

VF5
B31
NCTC11168
K-12, MG1655
Rd
J99
PM70
PA01
Madrid E
N315
N16961

1551335
910724
1641481
4639221
1830138
1643831
2257487
6264403
1111523
2813641
2961149

56
71
69
49
61
60
59
33
70
67
52

AE000657
AE000783
AL111168
U00096
L42023
AE001439
AE004439
AE004091
AJ235269
BA000018
AE003852

that a shift in dinucleotide composition will
occur around the transcription start-site.19 When
the resulting model was used for decoding, a logo
plot of the aligned sequences showed a periodic
signal upstream of the TATA-box, and this periodicity was subsequently included in the model.
The final model included states modelling everything in a genome that is not a promoter (nullmodel). These states were trained separately before
being incorporated into the model. The final model
can be used to predict promoters in sequences
of any length, including whole genomes (see
Methods).
A sequence logo20 of the consensus sequence
of the presumed Rpo D promoters in C. jejuni is
depicted in Figure 1(A). Upstream of the TATAbox, a distinct AT-rich periodic signal is seen that
extends beyond the TATA-box. The transition
probabilities in the trained model (transitions
from periodic signal state 10 to state 1, and from
periodic signal state 11 to state 1) show that the
average period is 10.56 nucleotides. The TATA-box
is preceded by a semi-conserved TGx. When the
model was trained on Helicobacter pylori sequences,
a similar promoter structure was found (Figure
1(B)). In the remaining bacterial genomes tested
(Table 1), a TATA-box of varying intensity but no
periodic signal could be seen in sequence logos of
predicted promoters aligned by the model (data
not shown).
Predictions of DNA structural parameters of the
region surrounding the TATA-box showed distinct
periodicity in stacking energy, position preference,
and DNaseI sensitivity and extreme (high as well
as low) values around the TATA-box of those
three parameters, whereas DNA curvature showed
a distinct peak immediately upstream of the
TATA-box, and lower value downstream (Figure 2).
The performance of the whole genome model
was tested by five-fold cross-validation, where the
training set was divided into five sets of 35
sequences. The model was repeatedly trained on
four subsets and tested on the fifth, until all subsets
had been tested once. The training set consisted of
sequences of which a high percentage was likely
to contain the predominant promoter. It should be
noted that we do not actually know the level of
true positives, false positives or false negatives

Reference
48
49
4
50
51
52
53
54
55
56
57

produced by the model. However, we assume
that promoters predicted in the test sequences in
the cross-validation experiment are true positives
(TP). We also assume that predicted promoters in
the 500,000 bp random DNA sequence are false
positives (FP). Establishing the threshold is a
compromise between wanting to predict all true
positives, and wanting to avoid false positive predictions. The performance of the model in the
cross-validation experiment is shown in Figure 3,
where the TP-rate at a given log-odds score is
plotted against number of hits in the random
sequence, and number of hits in the genome,
respectively. In both graphs, the points are marked
where the plots depart from linearity, and the
number of hits in the test sequence starts to grow
rapidly. The log-odds threshold is set at 2.6,
corresponding to the marked points. At this
threshold the model predicts 119 sequences to
have a promoter in the cross-validation (sensitivity
68%), and predicts ten promoters in 500,000 bp of
random sequence and 764 in the C. jejuni genome.
On the basis of the results from the random
sequence, our best estimate of the false positive
rate is 66 predictions in a genome of 1.641 Mb
(1,641,481/500,000 £ 2 £ 10).
When a set of sequences containing 27 experimentally mapped C. jejuni promoters were
decoded with the model, 19 were predicted
correctly by the model, one was predicted but
an additional prediction 10 bp downstream scored
slightly higher, two had a log-odds score below
the established cut-off, and five were missed
(Table 2). This indicates a sensitivity of the model
of around 74%.
Figure 4 shows that the majority of TATA-boxes
predicted in the genome sequence start 35-40 bp
upstream of the annotated start codon, whereas a
smaller fraction actually start downstream of start
codons. The Figure indicates that in the C. jejuni
genome the first T of the TATA-box is located
predominantly in the area 150 bp upstream of
annotated start codons to 25 bp downstream. A
total of 654 promoters were predicted in such
regions, upstream of 541 genes (two or more
promoters were predicted in the upstream regions
of some genes). In addition, 110 predicted promoters were found outside the upstream regions

1364

Rpo D Promoters in Campylobacter jejuni

Figure 2. DNA structural predictions in 184 aligned promoters. (A)
Stacking energy/DNA meltability;45
(B) flexibility (position preference;
lower
values
correspond
to
greater flexibility);16,46 (C) flexibility
(DNaseI sensitivity; higher values
correspond to greater flexibility);47
(D) DNA Curvature (higher values
correspond to greater curvature).44

(specificity: ((764 2 110)/764) £ 100 ¼ 86%). Of the
541 genes with a predicted promoter, 278 are
followed by a series of genes (two or more) separated by intergenic regions of less than 20 bp, but
with no predicted promoter. Several well-characterized genes are contained in such “operon
candidates” consisting of genes with related function (Table 3).

Discussion
Earlier attempts to characterize the Rpo D promoter structure in C. jejuni have concluded that the
promoter is unusual, and the 2 35 box is weakly
conserved,9,21 whereas a T-rich domain has been
identified upstream of the TATA-box.9 We report
here the identification of the structure of the
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Table 2. Decoding results of 22 sequences containing 27
experimentally mapped C. jejuni promoters
Accession
AF044271
AF044271
AJ002027
AJ002415
AJ002416
AJ002417
AJ002418
AJ002419
AJ002420
AJ002421
AJ002422
L25627
M63448
M74579
U06951
U06951
U08132
U15295
U38524
X53816
X85954
X95910

Figure 3. Performance of the whole genome model in
the cross-validation experiment. (A) Number of predicted promoters in cross-validation experiment in 175
sequences (TP-rate) versus number of predicted promoters in random sequence at corresponding log-odds
scores. At log-odds 2.6 and below and at aTP-rate of
0.68 and above (indicated with red and blue lines) the
number of hits in random sequence grows rapidly compared to the TP-rate. (B) Number of predicted promoters
in the C. jejuni genome versus TP-rate. As indicated by
the red line, the number of predicted promoters in the
genome starts to grow rapidly at or above a TP-rate of
0.68.

predominant promoters in C. jejuni (the presumed
Rpo D promoters), a structure that is unique
among other bacterial promoters that have
been described to date. We used a hidden
Markov model that proved very powerful for this
purpose.
Our model did not identify similar motifs in
most of the other bacteria investigated. When the
model is trained on a set of sequences from a
given bacterium, it will try to estimate emission
and transition probabilities that allow for the target
structure (a periodic signal, a TATA-box, a shift
in dinucleotide composition after less than 9 bp,
a stretch of unspecified length and a ribosomal
binding site). During the decoding, motifs that are
dissimilar to the target structure will receive a low
score. The fact that motifs from different bacteria
aligned by the trained models do not show
upstream periodicity shows that the predominant
(Rpo D) promoters in those bacteria do not share
the structure of the C. jejuni promoters. The finding
of a promoter structure in H. pylori that resemble
the C. jejuni promoter is in concordance with the

Y13333
Z36940

Log-odds
18.9831
21.6445
5.29105
20.82076
12.5444
8.06119
2.07037
13.6167
5.81369
6.20396
5.48556
4.96666
Not
predicted
9.63052
11.7635
9.67093
9.9314
9.33809
7.88633
Not
predicted
13.8935
Not
predicted
15.5419
18.0575

Gene/origin of sequence
a

Reference

ahpC
fdxA
Glu-tRNA
met K
Clone 1b7
Clone 1g9b
icd
Clone 3D8
Clone 14b7b
Clone 2a12b
Clone 11b4b
hup B
lysS

58
59
9
9
9
9
9
9
9
9
9
60
61

proA
Orf3
rpsO
sod Ba,b
ileS
pspAa
glyA

62
63
63
64
65
9
66

tigc
ftsA

67
68

clp B
hipOa

69
9

When a promoter is predicted at or close to the location of the
experimentally mapped promoter (^10 bp) the log-odds score
is shown.
a
Additional promoters were predicted in the upstream
region of that gene.
b
Positions of experimentally mapped and predicted promoters diverge by ,11 bp.
c
Two additional experimentally mapped promoters (one
upstream and one downstream) were not predicted.

close relationship that is well established between
Helicobacter and Campylobacter spp.,22 and the distinctness of the Epsilobacteria.23 The absence of
the unique Rpo D promoters in Aquifex aeolicus is
noteworthy, since this free-living organism was
recently classified as an epsilobacterium on the
basis of a comprehensive consideration of bacterial
cell structure and processes.23 Although certain
structural features of the genome sequence of
Aq. aeolicus are shared by those of C. jejuni and
H. pylori,24 the hyperthermophilic nature, and
difference in Rpo D promoter sequence (this study)
of Aq. aeolicus suggest that the classification of the
latter as an Epsilobacterium requires further study.
The C. jejuni Rpo D promoters to some degree
resemble the “extended 2 10” promoter that has
been described in E. coli25,26 and is widespread in
Gram-positive bacteria.27,28 Extended 2 10 promoters are characterized by the presence of a conserved TGx upstream of the TATA-box, and the
absence of a conserved 2 35 box. The sigma-80
promote of H. pylori described by Vanet and
colleagues18 shares some similarity with the consensus sequence that we have identified, and
would most likely be recognized by our model.
The approach used by Vanet and colleagues18 is
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Table 3. Operon candidates: clusters of genes with a promoter in front of the first gene, intergenic distances , 20 bp
(unless otherwise stated below), and in most cases related function
Genes

Function

cdtA, cdt B, cdtC
atp F0, atp F, atp H, atpA, atpG
ceu B, ceuC, ceu D, ceu E
argC, Cj0225, arg B, arg D
gatC, Cj0399,a fur, lysS, glyA,
Cj0403, Cj0404, aro E
hyp B, hypC, hyp D, hyp E, hypA
gro ES, gro ELb
kpsM, kpsT, kps E, kps D, kps F,
Cj1442c, kfi D, Cj1440c
ChuA, chu B, chuC, chu D
sdaC, sdaA
leuA, leu B, leuC, leuC

Cytolethal distending toxin
ATP-syntase subunits
Uptake of ferric siderophore70,71
Arginine biosynthesis72
Mixed function41

a
b

Log-odds score

Position of first T in the TATA-box

6.03236
7.51324
3.91651
8.64344
13.2638 (0.52538)

91,109
109,965
1,283,965
209,246
364,284 (364,637)

Hydrogenase isoenzyme formation
Stress response chaperonins73
Capsule formation

9.56402
9.47424
3.02765

584,061
1,149,133
1,387,744

Haemin uptake system
Serine uptake
3-Isopropyl malate modification

17.2276
14.8996
4.68085

1,540,763
1,554,422
1,631,966

Intergenic distance ¼ 68 bp. Promoters are located in front of first and second gene.
Intergenic distance ¼ 21 bp.

based on the assumption that the 2 10 and 2 35
regions are conserved and most regions between
them non-conserved, and therefore would not capture the promoter structure identified in this study.
It is not known whether two or more different
sigma-80 promoter types exist in H. pylori. A strong
periodic signal similar to what we found in
C. jejuni and H. pylori promoters has not been
reported in bacterial promoters to our knowledge,
though a certain periodicity in human promoters
has been described.16
It is well known that the estimated period of
10.56 nucleotides corresponds approximately to
one helix turn and that curvature of DNA requires
a number of in-phase curved regions,29 in our case

stretches of T bases (or A bases on the other
strand). The predictions of intrinsic curvature
indicate the presence of a highly curved region
upstream of the TATA-box (Figure 2(D)). Position
preference and DNaseI sensitivity are both
measures of DNA flexibility (Figure 2(B) and
(C)).19 Such periodic flexibility is thought to
enhance curvature of DNA.16 The TATA-box is
in-phase with the structural oscillations; therefore,
it is likely to have a constant angle to the bending
direction. Earlier investigations of the Escherichia
coli sigma-70 promoter have shown that approximately 90 bp of the DNA strand surrounding the
promoter is wrapped around the RNAP (RNA
polymerase) holoenzyme before transcription

Figure 4. Position of promoters predicted in the genome sequence (first T in TATA-box) in relation to the annotated
start codon (from 250 bp upstream to 25 bp downstream of the start codon).
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initiation.30 The curvature and flexibility of this
region may play a significant role here, so that a
conserved 2 35 box is no longer needed. Several
investigations have tried to establish the role of
DNA structure upstream of the 2 35 region in
promoter function, and often found that conserved
sequence motifs play a significant role. Investigations of the region upstream of the 2 35 box in
the E. coli rRNA promoter have shown that the
presence of either the UP-element, a conserved
motif upstream of the promoter,31,32 a curved
region,33 or one or more A-tracts of length five or
six nucleotides arranged with a period of ten
nucleotides34 greatly enhance promoter strength.
Multiple in-phase A-tracts result in macroscopic
curvature of DNA.34,35 However, it is unclear
whether curvature in itself can enhance transcription, or a conserved sequence motif is required.34
Our attempts to model conserved motifs upstream
of the TATA-box were unsuccessful, but it can
be seen from the sequence logo (Figure 1) that
thymines bases are predominant in regions 2 18 to
2 24, and 2 29 to 2 35. We speculate whether in
this particular case, DNA structure in combination
with the TATA-box and the semi-conserved TG at
position 2 17 are the only determinants of sigma
factor recognition and binding, or whether the
(semi-conserved) phased T-stretches observed in
the upstream regions play a role as specific binding
sites. The level of curvature in regions with phased
A-stretches (or T-stretches on the other strand)
is influenced by temperature, salt etc.,36,37 and we
hypothesize that the observed periodicity plays a
role in environmental regulation of expression
levels, and may explain the absence of a stress
response sigma factor. However, this needs to be
further investigated experimentally. The predictions of stacking energy (DNA meltability) show a
distinct peak at the position of the TATA-box,
consistent with the melting of this region during
open complex formation,6 prior to initiation of
transcription.
The sensitivity and specificity of our promoter
predictor is difficult to establish in the absence of
a gold standard; we simply do not know which
genes do in fact have an Rpo D promoter. There
must be at least two other promoter types in the
genome (corresponding to sigma-factors FliA and
RpoN), which function as regulatory elements of
genes related to flagellar motility, among others.7,38
Two different sigma-70/Rpo D promoter types
have been identified in other bacteria14,25 – 27 and
we do not know whether that is the case in
C. jejuni, or to what degree variant promoters are
recognized by the model. Furthermore, second or
later genes in operons do not, in most cases, have
a promoter. Finally, a considerable fraction of
genes in the C. jejuni genome have unknown or
hypothetical functions assigned to them in the
GenBank file, a certain amount of over-annotation
has been assumed,39 and there may be genes
that are not yet annotated. We do not know the
maximum distance to a start codon for a functional
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promoter but, on the basis of the distribution
presented in Figure 4, we chose to base further
calculation on a maximum distance of 150 bp, as
our best estimate. As shown in Figure 4, our
model sometimes predicts promoters downstream
of translation 2 25, where they should be in order
to be able to initiate translation at the annotated
start codons. Such a result does not make biological sense; however, it is very common that
genes are annotated with a wrong start codon
upstream of the actual start, and this may partly
explain our results.13 It can be speculated whether
the combination of gene finders with promoter
models similar to that described here will improve
the performance of both.
We predicted Rpo D promoters in 119 of 175
upstream regions in the cross-validation (68%),
and in front of 184 of 529 high-confidence genes
(35%), and 541 of 1708 annotated genes in the
C. jejuni genome (32%). The model successfully
identified 20 of 27 experimentally mapped promoters (74%). However, we are not certain which of
those experimentally mapped promoters are
actually regulated by Rpo D. Furthermore, the
level of predictions in the random sequence indicate a false positive (FP) level of approximately 66
in the C. jejuni genome, but 110 FPs were found in
the genome under the assumptions described
above. On the one hand, the FP-level based on the
random sequence is clearly an approximation, on
the other hand the FP-level based on the genome
is influenced by the validity of the GenBank annotation as well as the assumptions that we made on
cut-off and maximum distance to start codons.
The actual FP-level of our model is likely to lie
somewhere between the two. The performance of
our model is therefore comparable to the Bacillus
subtilis promoter model described by Jarmer and
colleagues.14 We used posterior decoding, whereas
Viterbi decoding was used in the B. subtilis
model.14 A training set of 236 experimentally
verified promoters was used in this study; in contrast, we had an insufficient amount of experimentally verified promoters to use as training
data, and knew little about the structure of the
promoter. Nonetheless, it was possible to identify
this unique promoter structure, and do genomewide promoter prediction with a reasonable performance, which establishes the validity of our
approach. The expectation maximization approach
described by Cardon & Stormo17 used a training
set of 231 sequences that were known to contain
promoters, and predicted over 90% of E. coli
promoters in the training set. However, this study
differs considerably from ours in that the actual
fractions of Rpo D-promoter containing sequences
in our training set or test sets are unknown, and
our sensitivity is therefore likely to be higher than
the estimated minimum of 68%. Furthermore, our
model has the advantage of being able to predict
promoters in sequences of any length. Vanet
and colleagues18 used a motif-based approach to
identify consensus sequences of 2 10 and 2 35
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regions in the H. pylori genome. A total of 56
putative promoters were identified in the H. pylori
genome using this approach, yielding a sensitivity
that is clearly inferior to that of our method.
When we started developing the model, we tried
to train a simple model that could identify the
TATA-box and ribosomal binding site on the entire
set of upstream regions from 529 genes with
known function and high confidence starts. The
trained model did not reveal conserved sequences.
However, when we reduced the training set as
described in Methods, including only upstream
regions from genes that are unlikely to be second
or later gene in an operon, we quickly managed to
identify the pattern as presented here. This observation alone indicates strongly that this pattern is
absent from a considerable fraction of the 529
sequences, and applying the model to the 529
upstream regions supported this. Consequently,
we suggest that operon structure may be more
common in C. jejuni, than hitherto proposed.4
It should be noted that when we reduced the
training set to contain only genes that are unlikely
to be part of an operon and that are not related to
flagellar motility, some legitimate promotercontaining sequences were most likely excluded,
such as those that are located in an upstream coding region. However, as the resulting training set
of 175 sequences is expected to be sufficiently
large to reliably train an HMM, it is a minor concern that some sequences are not used for training.
The trained model should ideally be able to predict
those. Indeed, a total of 57 predicted promoters
overlap the upstream gene, and promoters were
predicted in front of a subset of genes related to
flagellar motility (data not shown).
Salgado and colleagues40 have investigated
intergenic distances in E. coli, within and outside
operons, and found that operons in this organism
are characterized by intergenic distances of around
2 20 (overlapping genes) to 20 bp, whereas intergenic distances at the borders of transcription
units tend to be longer. In contrast, operon structure in C. jejuni is not well described. We found
278 examples of operon candidates, based on the
criteria of predicted promoter in front of the first
gene and short intergenic distances (, 20 bp). (A
complete list of operon candidates identified in this
study is available†.) This very simplified approach
to identify operons is clearly preliminary and
insufficient. An “operon finder” should take transcription termination, other promoter types etc.
into account. However, we managed to identify
two previously described Campylobacter operons
that are listed in Table 3, together with examples
of operon candidates that contain only genes with
related function. Another two described operons
had longer intergenic distances, but we predicted
promoters in front of the first gene, and in the
case of the fur operon, a predicted promoter (with
† www.binf.ku.dk/krogh/CampyPromoters/
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a lower cut-off) was identified in front of the
second gene, as described by Van Vliet and
colleagues.41 This agreement with experimental
results further establishes the validity of the promoter model.
In conclusion, we have identified a likely consensus Rpo D promoter sequence in C. jejuni,
assessed its distribution in the genome sequence
of NCTC11168 and inferred that genes may be
organized in operons more commonly than was
realized hitherto. Our results call for experimental
verification of our hypotheses, as well as additional
work on the identification, distribution, and
significance of other promoters in C. jejuni, and
investigations of operon structure.

Methods
HMM architecture
The general architecture of the promoter model is
depicted in Figure 5. In addition to the promoter
model itself, it consists of begin-states and end-states, a
second-order null-model trained on coding and shadow
(reverse-complement of coding) regions, respectively;
and a first-order null-model trained on intergenic
regions. The promoter model consists of a branch state,
followed by 11 first-order states modelling the region
upstream of the TATA-box. A loop is included to model
a periodic signal of length 10 – 11 nucleotides in this
region. Then follows the TATA-box model, a number of
first-order “background” states modelling the dinucleotide distributions around transcription þ 1, and an RBS
model, modelling the ribosomal binding site as well as
the nucleotides up to the start codon. The RBS model is
identical with that described by Larsen & Krogh,13 except
that the maximum distance from the ribosomal binding
site to start codon is reduced, to reflect the distances
found in this particular bacterium. Transitions are
allowed from the branch state and directly to the RBS
model, to take into account occurrence of promoter
types that are specific for other sigma-factors. Due to
the way training sequences are selected, they are not
likely to be co-translated with the previous gene, and
therefore must have a Shine –Dalgarno sequence. During
decoding, the model may encounter genes that have a full
promoter and Shine– Dalgarno motif, a Shine –Dalgarno
alone (if they have a different promoter type or are
located within an operon) or neither (genes that are
located within an operon and co-translated with the
previous gene). However, given the way that we defined
the scoring system, only full promoters will be recognized by the model and result in a score. Genes that are
preceded only by, or lack a Shine– Dalgarno, will not
influence the promoter prediction.
Pseudo-counts were used on the six states of the
TATA-box model and the second to sixth states of the
RBS model to reflect the expected base composition,
as described by Durbin and colleagues.11 Similarly,
pseudo-counts were used on transition probabilities in
the branch state, and in the two spacer regions. Training
was carried out by means of the Baum– Welch algorithm,
which is a maximum likelihood approach guaranteed
to find the parameters that (locally) maximize the
conditional probability of the training set given the
parameters.11
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Figure 5. HMM architecture: states and transitions of the whole genome model used for predicting promoters in the
C. jejuni genome. For other bacterial genomes, the states intergenic, coding and shadow were replaced by simple background states. In order to constrain the training process and make use of existing knowledge, selected emission and
transition probabilities were biased manually towards their consensus value. In particular, this regularization was
done by adding pseudo-counts to the most conserved nucleotides, to transitions from the branch state, and to different
transitions in the spacer regions.11 After a few tests we added a pseudo-count of 70 to the most conserved nucleotides
in the TATAAT region, and a pseudo-count of 100 to the most conserved nucleotides in the AAGGA region of the
Shine– Dalgarno sequence, whereas smaller pseudo-counts were added to remaining nucleotides in those regions.
Similarly, we added pseudo-counts of 5 – 60 to the transitions in the two spacer regions.

For non-C. jejuni genomes, a reduced model, consisting of a second-order background model, the periodic
upstream region, TATA-box, first-order background
model and RBS regions, was used.

Training sets
Functional genes with high-confidence start codons
were identified for each genome as described.13,42 A subset of genes that were preceded by an annotated open
reading frame (ORF) transcribed in the opposite direction, based on the existing GenBank annotation (Table 1)
was assembled. Upstream regions of 120 bp þ the first
base of the start codon (a total of 121 bp) was included
in the training sets. For the C. jejuni genome, upstream
regions from genes that were preceded by an intergenic
region of . 100 bp were included in the training set, and
genes that in the GenBank description contain the word
flagel were excluded (six genes), because such genes are
not expected to be regulated by Rpo D.7,8
For the C. jejuni genome, three training sets were used
to train the non-promoter regions in the whole genome
model. The set of functional genes referred to above
(n ¼ 529) was used to train the coding model, their
reversed complements were used to train the shadow
model (reverse strand of coding DNA), and all annotated
intergenic regions (what is left when coding and shadow
regions are removed) longer than 30 bp were used to
train the intergenic region model.

Prediction of promoters
The trained HMM was subsequently used to find all
Rpo D promoter-like sequences in the genome, by means
of posterior decoding.11 By adding null-models that
model all non-promoter sequence, the probability of a
given nucleotide being emitted by one of the states
modelling the promoter can be divided by the probability of the same nucleotide being emitted by the nullmodel, and the log-odds score is the logarithm of this
ratio. When dividing with the probability of the
sequence given the null-model the probability of
the sequences flanking the promoter cancels out, and
the odds ratio will depend only on the promoter region.
Now, all predicted promoters, regardless of whether
they are located in the vicinity of other promoters, can
be seen as alternative parses through the model for
which a log-odds score is produced. The resulting
model can be used to decode sequences of any length.
The output consists of a rough curve showing the logodds score as a function of nucleotide positions. This
output was further processed by extracting maxima
within an 80 bp window, so that “predicted promoters”
could occur with a minimum distance of 40 bp.
The model was tested on the following test sets.

. A random sequence of 500,000 bp generated by a
third-order Markov chain trained on the C. jejuni
genome.
. The C. jejuni genome sequence.

1370

. Upstream regions (from 120 bp upstream to 50 bp
downstream of the annotated start codon) of 529
functional genes with certain starts, of which a
subset was used to train the model, as described
above.
. A set of 22 sequences containing 27 experimentally
mapped promoters (Table 2).

DNA structural predictions
Of the 529 functional genes with high-confidence
starts, a set of 184 sequences with strong promoter predictions (log-odds score . 2.6) was selected. The
sequences were aligned at the predicted TATA-boxes,
and subjected to structural predictions as described.19,43
Briefly, DNA curvature was calculated using a modified
version of the Curvature programme.44 Stacking energy
or “DNA meltability” was derived from the dinucleotide
values described by Ornstein and colleagues.45 Position
preference was derived from the trinucleotide values
described by Satchwell and colleagues46 as described
by Pedersen and colleagues.16 DNaseI sensitivity was
derived from the trinucleotide values described by
Brukner and colleagues.47
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