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Summary

Bacteria make up  the simplest form of free-living life known to man. They are single-celled 

and vulnerable to adverse and dynamic environmental forces and yet, they  have colonised 

diverse niches. Many bacteria can thrive in multiple habitats, each with its own distinct set of 

nutrients. Much of their adaptive capabilities can be attributed to precise and rapid regulation 

of protein production and activity in response to prevailing environmental signals. Regulation 

of protein production and activity is achieved by a range of mechanisms involving small 

molecules, DNA, RNA and proteins. Making use of publicly-available genomic and 

functional genomic data, this thesis examines the following aspects of regulatory mechanisms 

utilised by bacteria: 

DNA sequence, 3D topology and trans-acting proteins in bacterial 

transcriptional control

Regions involving transcriptional initiation in bacteria have a high AT-content. This enables 

binding of transcription factors to the DNA, and also allows easier unwinding of the DNA in 

order to facilitate transcriptional initiation. Further, DNA supercoiling, a 3D topological 

property  of the DNA, could complement or supersede the above in tightening or further 

unwinding the DNA, thus influencing transcriptional initiation. Using genome sequence and 

functional genomic data for E. coli, we investigate the balance between these two properties 

of DNA in controlling transcription. 

Small-molecules and regulation of metabolism

Nearly  half of all transcription factors in the model bacterium Escherichia coli, unlike in 

eukaryotes, contain a domain that  can potentially bind to a small-molecule. These 

preferentially  regulate enzymes of small-molecule metabolism, thus establishing a direct 

interaction between metabolism and its transcriptional regulation. In addition, small-
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molecules also bind to enzymes directly and influence their activity. These two functionally 

and kinetically complementary control mechanisms orchestrate genome-scale control of 

small-molecule metabolism in E. coli. We make use of publicly available functional and 

genomic data to understand general principles that underly  the deployment of these two 

regulatory mechanisms. 

Second messenger signalling by small-molecules

Cyclic nucleotides are a class of small-molecules which act as ‘second messengers’ in 

controlling diverse cellular processes. One such ubiquitous bacterial second messenger is 

cyclic-di-GMP, which controls complex processes including motility, adhesion and virulence. 

Using comparative genomics, we examine the phylogenetic distribution of proteins involved 

in the turnover of this molecule across bacteria; how the numerous proteins, per bacterial 

genome, involved in its synthesis are regulated; and enumerate the various scenarios that  are 

applicable to the activity of the unique class of proteins that contain domains involved in both 

the synthesis and the hydrolysis of this molecule.

One- and two-component signalling mechanisms in bacteria

In this study, we perform a comparative genomic study to assess the prevalence of two-

component regulatory  mechanisms in genomes and metagenomes in an attempt to answer 

questions related to (a) the balance between transcriptional and non-transcriptional outputs of 

two-component systems; (b) the balance between the sensing of internal and external signals 

by two-component systems; (c) how small-molecule sensing systems are distributed between 

one- and two-component signalling systems; and (d) how the above might contribute to our 

understanding of why bacteria have evolved complex, multi-component signalling systems.

Conclusions and future directions

This thesis presents a largely computational analysis of various bacterial regulatory 

mechanisms, significantly  adding to existing body of academic research in this field. 

Mechanisms involving small regulatory RNAs, though important, are not studied here. One 

future direction is to make use of this accrued knowledge in understanding the evolution of 

bacterial pathogens as an adaptive phenomenon.
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Introduction

Functional and comparative genomics of gene 

regulation and adaptation in  bacteria



I.1. Introduction

Bacteria are unicellular organisms that are the most numerous of all free-living life known to 

man; there are at least a billion species of bacteria; the number of bacterial cells in the human 

body is ten times that  of human cells; and there may  be in the range of 1030 bacterial cells 

across the whole gamut of habitats on Earth. Thus, this group of organisms forms an essential 

and dominant component of our ecosystems. Bacteria may be capable of living on a single 

type of habitat - a parasitic or symbiotic dependence on a larger host  for example - or in 

complex and changing habitats such as the soil or transmission from an environmental source 

to an animal host. 

The range of habitats colonised implies a necessity to code for the entire range of molecular 

tools to survive under these conditions. However, since biosynthesis of important molecules 

such as proteins is expensive, any bacterium must produce only those that are required for 

survival under its present conditions. This can happen at  two levels: (1) streamlined genomes 

that code for only those genes and other DNA elements necessary  for survival under a given 

habitat; variations can occur, either over long evolutionary time-scales or via gene transfer 

mechanisms; and (2) signal-dependent regulation which ensures that specific genes and 

proteins are expressed or activated only when required; this would be essential for bacteria 

that have to survive under a range of habitats each providing its own set of nutrients and 

adversaries. For much of this thesis, we primarily  consider the second mode of adaptation - by 

regulation; however, where appropriate we discuss how different bacteria vary their repertoire 

of regulatory proteins depending on their habitats and lifestyles. 

The most intuitive and arguably important  control point for gene expression is initiation of 

transcription. This is controlled by  a wide range of molecule types: small-molecules, DNA 

and proteins. Regulation of transcript elongation and translation at the post-transcriptional 

stage offers further layers of control. This stage also introduces RNA molecules as regulatory 

agents. Once a protein is produced, its activity can be controlled by post-translational 

modifications: this can feedback to transcriptional and post-transcriptional regulatory stages. 

In this chapter we discuss insights into transcriptional and post-translational control of gene 

expression and protein activity  in bacteria - with the greatest emphasis on transcriptional 
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regulation owing to the large amount of information available from genome-scale studies. 

This chapter is organised in the following manner. (1) We begin by introducing transcription 

initiation and its global control by basal factors. (2) Next we discuss more specific control 

offered by the large selection of transcription factors encoded by  many bacteria. (3) We then 

describe an important  and complex second-messenger signalling mechanism as a non-

transcriptional control system. (4) Following this, we review concepts relating to the 

specificity and evolution of  the two-component system for transducing signals between the 

cell surface and downstream output-generating machinery. (5) Finally, we conclude by 

highlighting some further aspects of regulation that are otherwise beyond the scope of this 

chapter.
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I.2. Basal players for transcription initiation

In bacteria, transcription initiation is a multi-step process (McClure 1985). It  begins with the 

recruitment of the RNA polymerase (RNAP) holoenzyme, a complex of the multi-subunit 

core RNAP enzyme and a !-factor, to a gene promoter. The !-factor is responsible for 

promoter recognition and holoenzyme recruitment. It also allows the formation of the 

transcriptional bubble or the open complex, which is a region of unwound DNA about 10 bp 

upstream of the transcription start site. Processive transcript elongation follows, although 

there is strong evidence for extensive abortion of initiation events. 

Therefore, successful transcription requires several key components: (1) DNA sequence and 

topology  that would allow promoter recognition; (2) !-factors that can recognise promoters; 

(3) free RNAP for recruitment to the promoter concerned; and (4) finally transcription factors 

(TFs) which are proteins that enable condition-specific gene expression. 

I.2.1. RNA polymerase

The multi-subunit DNA-dependent RNAP is responsible for all transcription in bacteria 

(Browning and Busby 2004). The active site of the enzyme is contained in two large subunits 

called " and "’. In addition, there are two identical copies of a smaller # subunit. This # 

subunit has two functional domains separated by a flexible linker: the N-terminal domain is 

necessary  for the assembly of the " and "’ subunits; the C-terminal domain can contact certain 

promoter elements (see below) and also interacts with TFs. Finally, a less well-studied $ 

subunit may not have a direct role in transcription. These together comprise the RNAP that  is 

capable of transcription but not promoter recognition. The latter is facilitated by proteins 

called !-factors (see below).

An exponentially growing E. coli cell has about 5,000 - 6,000 RNAP molecules. 70-80% of 

these are utilised for transcribing a small minority  of stable RNA genes, which leaves a very 

small population of RNAP molecules for the expression of nearly 2,000 protein-coding 

transcriptional units. However, as not all transcriptional units need to be expressed all the 

time, RNAP molecules can be directed to specific promoters depending on cellular 

requirements.  The choice of which genes to express under a given condition is controlled by 

a combination of different factors: (1) promoter-sequence strength; (2) 3D topology of the 
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DNA; (3) !-factors; (4) TFs; and (5) small-molecule regulators of RNAP activity. The first 

three factors are the most global regulators of transcription, whereas the effects of TFs are 

considered to be more specific to individual promoters.  Direct control of RNAP function by 

small molecules such as ppGpp is beyond the scope of this chapter.

I.2.2. Promoter sequence

The canonical bacterial promoter, deduced from studies of E. coli transcription, has two 

sequence elements that are called the -10 (consensus: TATAAT) and the -35 sites (consensus: 

TTGACA) positioned 10 and 35 bases upstream of the transcription start site respectively.  

Two other important elements are the extended -10 region, which is a sequence of 3-4 bases 

located upstream of the -10 site, and the UP element, a ~20bp  stretch upstream of the -35 

5

-35 -10

!-factor

UP element
(flexible region)

""’ subunit

#N

#C

(A) Closed complex formation
RNA polymerase Holoenzyme (not shown) binding to DNA directed by !-factor-mediated 
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Summary Figure. Summary of transcription initiation in bacteria. (A) Open complex formation 

involves the formation of the RNA polymerase holoenzyme, and the recognition of promoter elements 

by the !-factor component of the holoenzyme. In this figure, only the !-factor is shown for clarity. The 

UP element, where the #-CTD of the RNA polymerase binds is a flexible region of the DNA. (B) Open 

complex formation involves unwinding of the DNA around -10 position relative to transcription start 

site. (C) During elongation, the !-factor leaves the holoenzyme (with a few exceptions). The $-

subunit, whose role in transcription is obscure is not shown. The DNA double helix is represented as a 

thick grey line; bubbles stand for unwound regions. Adapted from Ussery et al. Springer 2009.



element. Both the -10 and the -35 elements are recognised by the !-factor, whereas the UP 

element is recognised by the C-terminal region of the RNAP #-subunit. These promoter 

elements are generally  embedded in genomic regions of high AT-content, which is favourable 

for protein-DNA-binding, and therefore potentially plays a role in distinguishing 

oligonucleotide usage between regulatory and non-regulatory DNA regions (Janga et al. 2006; 

Mitchison 2005; Sivaraman et al. 2005; Ussery et al. 2004).

The canonical promoter as described here is extremely rare - and in fact does not  exist in the 

E. coli genome - as it would probably bind the RNAP holoenzyme too tightly to allow 

transcript elongation (Browning and Busby 2004). Instead, the ~2,000 E. coli promoters vary 

in the exact sequence of the elements and their relative positioning. This leads to differences 

in promoter strengths (ie their ability  to be recognised and bound by the RNAP and !-factor), 

which can be altered by TFs in a condition-specific manner  (Zaslaver et al. 2006). 

These properties are not restricted to E. coli and closely-related species, but can be extended 

to many other bacteria. A recent genome-scale investigation was able to identify  elements 

similar to the canonical -10 and -35 regions in a wide range of other bacterial genomes 

(Huerta et al. 2006). Striking exceptions are AT-rich and host-dependent  genomes which have 

reduced regulatory capabilities.

I.2.3. Promoter topology

Although the promoter sequence is a temporally static property, the condition-dependent 

selectivity of RNAP-binding can be influenced by several factors. One of these is the three-

dimensional topology of the DNA, achieved at a global level through supercoiling. 

Supercoiling is controlled by the ATP-requiring DNA gyrase and the passive topoisomerase, 

as well as nucleoid-associated proteins such as FIS, H-NS and HU which play accessory roles 

in controlling the process (Travers and Muskhelishvili 2005). It is a dynamic process which is 

dependent on the growth stage of the bacterium such that the DNA is negatively supercoiled 

during exponential growth when ATP levels are not limiting (Hatfield and Benham 2002; 

Schneider et al. 1997). 
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Intuitively negative supercoiling, by promoting DNA unwinding, should facilitate open 

complex formation and thus encourage transcription on a large scale. However, in contrast to 

this expectation, a genome-scale survey of transcriptional response to inhibition of DNA 

gyrase (which creates negative supercoils) showed that just 8% of genes in E. coli, from 

diverse functional categories, are affected by this perturbation (Peter et al. 2004). A follow-up 

study expanded this list several fold, but still showed that genes can be both up- and down-

regulated by  the loss of negative supercoiling (Blot et al. 2006). It is thought that this 

deviation from expectation may be due to alterations in promoter topology; for example, the 

bipartite promoter elements may be aligned in a fashion that can be recognised by  the RNAP 

holoenzyme only as a consequence of reduced negative supercoiling (Travers and 

Muskhelishvili 2005). It might also be due to altered binding of other transcriptional 

regulators to the DNA. Further, at promoters which require negative supercoiling to allow 

open-complex formation, supercoiling might induce gene expression noise leading to 

diversity in a cell population (Mitarai et al. 2008). In summary, supercoiling is a dynamic 

‘global second-messenger’ that controls gene expression (Peter et al. 2004).

I.2.4. !-factors

These are the most important trans components of the basal transcriptional machinery that is 

responsible for transcription initiation. The !-factor recruits the RNAP holoenzyme to the 

promoter and permits open complex formation. Genomic ChIP-chip  analysis has 

systematically  confirmed earlier molecular studies showing that  the !-factor is largely 

released from the transcribing complex immediately  after transcription initiation (Reppas et 

al. 2006); however, it is retained during elongation at selected promoters leading to 

speculation on its role in controlling elongation at these genes (Kapanidis et al. 2005; Reppas 

et al. 2006). 

The most prominent !-factor in E. coli, responsible for initiation at  many promoters, belongs 

to what is called the !70 family. In addition to this major !-factor, E. coli has six further !-

factors, which bind to the RNAP under various conditions. However, as shown by  a genomic 

study, there is substantial overlap between targets of different !-factors, raising questions on 

how selectivity  is achieved (Wade et al. 2006). One possibility  is that alterations in the 
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relative abundance of the various !-factors would favour one over others under a given 

condition. 

One of the most important alternative !-factors in E. coli is !S, which controls transcription 

during stationary phase. Though sequences recognised by  this factor are very similar to the 

-10 and -35 elements bound by !70, deviations in the number of bases separating the two 

sequence elements promotes binding of !S (Typas and Hengge 2006). 
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I.3. Transcription factors: domain architectures and genomic distributions

Transcription factors are proteins that bind to specific sequences on the DNA thus affecting 

transcription initiation. TFs activate or repress transcription depending on the positions of 

their binding sites relative to the transcription start site of the corresponding gene (Browning 

and Busby 2004). Each TF can be expected to regulate a small subset of genes in the genome, 

in response to specific environmental and intracellular triggers. Therefore a complete 

transcriptional regulatory interaction will involve (1) signal sensing, (2) signal transduction, 

(3) the TF itself , and (4) transcriptional control of a target gene by the TF (Salgado et al. 

2007). In this section we look at the TFs themselves, with emphasis on their domain 

architectures, drawing on studies on E. coli. 

Both prokaryotic and eukaryotic TFs are generally identified by the presence of a DNA-

binding domain using sequence searches against protein family databases such as PFAM, and 

by BLAST-based detection of homologs of experimentally-verified TFs. The E. coli genome 

is predicted to code for around 270 TFs, which accounts for 6% of protein-coding genes in 

this organism (Babu and Teichmann 2003). Based on the hierarchical classification of protein 

structures in the SCOP database, it  was found that these TFs all belong to one of 11 different 

families, of which  10 contain the helix-turn-helix structural motif. 

Over 75% of all predicted TFs in E. coli contain an additional domain, belonging to a wider 

range of 46 different protein families. These domains are largely involved in sensing signals. 

Significantly, 40-50% of all TFs contain a second domain that can potentially bind to small-

molecules (Anantharaman et al. 2001; Babu and Teichmann 2003) and more than a third of 

these have been experimentally verified according to the Ecocyc database (Keseler et al. 

2009). Such a high percentage of TFs with small-molecule-binding capability  is not known in 

eukaryotes (Sellick and Reece 2005). Another 10% of TFs are part  of two-component 

signalling cascades where they are phosphorylated by an upstream histidine kinase, which in 

almost every case is the top-level signal sensor. Overall, these patterns of domain architecture 

suggest extensive and immediate interactions between signals and the transcriptional 

machinery, which in eukaryotes takes place through longer cascades of signal-transduction 

events.
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Automated searches of TFs across completely-sequenced bacterial genomes showed that the 

number of TFs scales in a non-linear fashion with proteome size (Babu et al. 2006; Ranea et 

al. 2005; van Nimwegen 2003). Larger genomes might require an excess of transcription 

factors in order to individually regulate specialised groups of genes or might  make use of 

more complex, and longer cascades of regulatory proteins (Babu et al. 2006). This agrees 

with the relatively large proteome sizes (and consequently  metabolic capabilities) of 

organisms living in the complex terrestrial habitat and in multiple habitats. On the other hand, 

organisms in host-associated symbiosis or parasitism have an extremely  poor TF gene content 

consistent with their lack of need for sensing and responding to changing environments. 

These further emphasise the role of TFs in ensuring signal-dependent cellular response.
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I.4. Transcriptional regulatory networks: structure and evolution

Transcription factors regulate the expression of only a specific set of genes because of 

selectivity in the nature of DNA sequences they can recognise. Therefore, the association 

between TFs and their target genes can be represented as networks where each edge is 

directed from a TF to a target gene. Such data are available for nearly all TFs in the yeast 

Saccharomyces cerevisiae. These data, a majority  of which comes from a single study, were 

obtained using genome-wide ChIP-chip studies (Harbison et al. 2004). For E. coli, the 

RegulonDB database makes available all known transcriptional regulatory  interactions 

described in the literature (Gama-Castro et al. 2008). The most recent release of this database 

(January 2009, version 6.3) contains 3,289 regulatory interactions between 166 TFs (not 

including !-factors) and 1,477 target genes. Recently, ChIP-chip studies have been performed 

on selected TFs in E. coli substantially adding to our current knowledge of regulatory targets 

for these TFs (Cho et al. 2008a; Cho et al. 2008b; Grainger et al. 2006; Grainger et al. 2005). 

But we still lack such information for a large proportion of TFs.  The regulatory network in 

RegulonDB has been analysed as a whole and a number of biological insights have been 

derived as a result. In this section, we review some of these, with emphasis on insights into 

(1) types of TFs, (2) modularity of network structure, (3) variation in network structure across 

different functional target gene classes, (4) constraint imposed on genome organisation by 

transcriptional regulation, (5) integration of signal sensing into the regulatory network and (6) 

evolution of regulatory interactions.

I.4.1. Types of transcription factors:global and local

In the current release of RegulonDB, 10 TFs regulate two-thirds of all target genes in the 

database. Previously, Martinez-Antonio and Collado-Vides performed a detailed study  that set 

the rules for defining global TFs (Martinez-Antonio and Collado-Vides 2003). These rules go 

beyond the number of genes or operons regulated by a TF and include the following: (1) 

number of- and nature of co-regulating TFs, (2) ability to regulate genes which belong to 

target-groups of different !-factors, (3) potential to respond to a wide range of environmental 

conditions, and (4) capacity to target genes from a number of functional categories. In total, 

only seven TFs pass these criteria. These are the catabolite-responsive CRP, anaerobiosis 

regulators FNR and ArcA, the feast or famine LRP, and the histone-like FIS, IHF and H-NS. 

Of these, all except H-NS show an enrichment towards targeting genes from a single broad 
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metabolic functional category (Seshasayee et al. 2009). Most TFs are local in terms of the 

small number of genes that they  target and the breadth of biological functions that they 

regulate. 

I.4.2. Modular architecture of the transcriptional regulatory network

A functional module is defined as a discrete entity whose function is separable from those of 

other modules (Hartwell et al. 1999). Within the context of signal transduction and 

transcriptional regulation, eukaryotic signalling pathways such as those downstream of Toll-

like receptors can be approximated as functional modules. Given that such long signalling 

pathways are unknown in bacteria and that environmental and cellular signals impact directly 

on TFs, a transcriptional regulatory network itself (as defined above) accounts for a 

substantial portion of intracellular signalling . Therefore, is the bacterial transcriptional 

regulatory network modular? If so, what are its characteristics?

An early  work demonstrated that the E. coli transcriptional regulatory  network has a five-level 

hierarchical structure, where each layer is determined by the number of non-self genes 

regulated by  its member proteins (Ma et al. 2004). This architecture of the network allowed 

the authors of this work to decompose the network into a number of functionally coherent 

modules. No feedback loops, where the target of a TF regulates the TF transcriptionally, were 

detected. This was attributed to the fact that feedback is generally achieved at the post-

translational level by  allosteric modifications. Many TFs regulate their own expression and 

this can be considered as a feedback mechanism.

Another early work made use of a standard module identification procedure, based on the 

separation between two nodes in the transcriptional regulatory network, in order to cluster 

nodes into connected groups (Resendis-Antonio et al. 2005). Most recently, yet another 

procedure based on what was called ‘natural decomposition’ was used to define modules in 

the largest E. coli transcriptional network used till date. This expanded network allowed the 

authors to detect a relatively small number of transcriptional feedback loops (Freyre-Gonzalez 

et al. 2008). Yet another method, based on the number of TFs regulating a given gene, was 

used to define a hierarchy and subsequently  modules called origons in the regulatory  network 
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(Balazsi et al. 2005). Gene expression measurements were used to show that different origons 

are selectively used under different environmental conditions. 

One aspect that  has been studied in all the above-mentioned module-identification studies is 

whether short patterns of interconnected nodes called motifs, which have been called the 

building blocks of the regulatory  network as a whole, form basic units of individual modules 

as well (Shen-Orr et al. 2002). Different types of motifs lead to different transcriptional 

outcomes given their input signals (Alon 2007). One of the most important motifs is called the 

Feed Forward Loop (FFL), where TF A regulates TF B and both A and B regulate a target 

gene C. It is well-recognised that the top-level TF in many FFLs is a global regulator: this is 

particularly exemplified by the classical catabolite repression which involves CRP as the top-

level regulator and one of various sugar-responsive local TFs as the second regulator. 

Therefore, it  is not surprising that the different studies outlined above reach different 

conclusions regarding FFLs, depending on how global TFs are handled in their module 

identification algorithm. For example, in two of the proposed methods, where global 

regulators are explicitly removed from the module identification stage, FFLs are found not to 

be enriched within modules (Freyre-Gonzalez et al. 2008; Ma et al. 2004). This suggests that 

global TFs act as agents integrating multiple modules. On the other hand, a blind approach 

towards module identification led the authors of the work to propose that FFLs are common 

within modules whereas a more complex motif called bi-fan was found to traverse multiple 

modules (Resendis-Antonio et al. 2005). Finally, it was shown that ‘origons’ have a tree-like 

structure with many  diverging connection patterns; a few contain FFLs in addition (Balazsi et 

al. 2005). Therefore, clarity in the definition of a module is essential to further interpretations. 

Given that the observable output of a transcriptional regulatory interaction is gene expression, 

we believe that incorporation of microarray and rapidly-accumulating high-throughput 

mRNA sequencing data, in addition to detailed information on the signals to which different 

TFs respond, would be vital to the defining of biologically well-defined modules. This should 

also help offset complications arising out of differences between two FFLs due to the nature 

of interactions between the different components (Kalir et al. 2005; Mangan et al. 2006; 

Mangan et al. 2003).
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I.4.3. Subnetwork architectures for different gene functions

Genes and proteins in any genome can be classified into a number of functional categories at 

various levels of detail. Examples include groups representing small-molecule metabolism 

such as sugar catabolism and amino acid biosynthesis. Other examples include the set of 

genes involved in flagella assembly which determines complex and vital cellular decisions 

such as taxis and adhesion. An important question that is being addressed using network-

based approaches is whether different types of cellular functions are regulated by  different 

network architectures. This was addressed in yeast, but from the perspective of subnetworks  

in the transcriptional regulatory network that control responses to different perturbations. This 

aspect is now being studied in E. coli as well.

In an early work, it  was shown that there are only a few long cascades of interactions in the 

transcriptional regulatory network of E. coli (Shen-Orr et al. 2002). One of these cascades 

controls the assembly of the flagella, which would lead to control of ‘developmental’ 

decisions including swarming motility  and biofilm formation. This aspect was investigated in 

greater detail in a recent work, which made use of a larger dataset of transcriptional regulatory 

interactions (Martinez-Antonio et al. 2008). A major conclusion of this work was that sugar 

catabolism - one of the two systems studied here - is controlled by short regulatory circuits 

enriched for FFLs due to the top-level regulator CRP. On the other hand, longer cascades of 

TFs regulate examples of developmental processes namely flagella assembly  and biofilm 

formation. It  was also noted that genes coding for master regulators of these processes - flhD, 

flhC for flagella in particular - are controlled by  numerous other TFs. Therefore, these master 

regulators for developmental processes respond to multiple environmental conditions. 

Intermediate-level TFs include two-component TFs (controlled by phosphorylation) with an 

enrichment for positive autoregulation at the transcriptional level. This was interpreted as 

being capable of generating an on / off gene expression state. Further, it was shown that 

additional signals, possibly independent of those affecting top-level TFs, are potentially 

central to the activity of these intermediate regulators.

Despite the differences in regulatory architecture of these two different types of functions, the 

degree of interconnectivity between the two is of great interest. In particular, glucose is a 

positive regulator of biofilm formation (Cerca and Jefferson 2008), thus linking sugar 
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metabolism / carbon nutrition with development. This is potentially due to CRP, which is 

indirectly controlled by glucose availability  and is a top-level regulator of both sugar 

metabolism and these developmental processes. A second control point integrating these two 

functions operates at a post-transcriptional level. CsrA and CsrB - an mRNA-binding protein 

and a small RNA that interrupts this binding - are known to control diverse processes 

including gluconeogenesis and motility / biofilm formation (Romeo 1998). Thus, though 

certain aspects of two functional modules - metabolism and developmental processes - may 

be inseparable, additional control mechanisms may be operating in developmental processes 

thus establishing tighter control.

Even within metabolism, three broad functions - catabolism, anabolism and central 

metabolism - can be defined. These differ from each other in the number and types of 

regulators they come under (Seshasayee et al. 2009). Due to the effect of CRP, most catabolic 

genes come under the control of more than one TF, and in general, a combination of a global 

and a local TF. Exceptions are known: for example, the lac operon is regulated by CRP and 

LacI, but does not involve an FFL. Despite the similarity  in network architectures, different 

sugar operons display different output patterns in response to input signals. On the other hand, 

anabolic genes are regulated by a single TF each, which has been interpreted as leading to the 

phenomenon of ‘just-in-time transcription’. Thirdly, central metabolism, which is the end-

point of most catabolic pathways and produces precursor molecules for most of anabolism, is 

controlled by a multitude of global TFs. 

In total, these studies have shown that different categories of genes come under the control of 

different transcriptional regulatory  architectures in a manner that is consistent with functional 

expectations. 

I.4.4. Constraints on genomic organisation imposed by transcriptional 

regulation

A key  mechanistic question in transcriptional regulation is how a TF finds its target site. 

Mechanisms that combine 3D diffusion in the cellular volume and 1D tracking along the 

DNA have been proposed (Kolesov et al. 2007). Various groups have attempted to answer 

how genomic organisation is in fact governed by transcriptional regulation, the first evidence 
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for which comes from the classic study by  Jacob and Monod which demonstrated that the lac 

operon and its repressor gene lacI are located adjacent to one another on the E. coli 

chromosome. More recent research, described below, has expanded this to a genome-wide 

scale. 

Using transcriptional regulatory network data for E. coli and Bacillus subtilis, two groups 

showed that a majority  of TF genes are encoded close to their respective target genes in the 

chromosome (Hershberg et al. 2005; Janga et al. 2009; Menchaca-Mendez et al. 2005). Since, 

in prokaryotes, transcription and translation are coupled, this will ensure that the TF protein is 

produced close to the gene itself, thus enhancing its ability  to detect its target promoter 

nearby. That co-localisation on the chromosome accelerates the search was also demonstrated 

using biophysical simulations (Kolesov et al. 2007). In fact, a single-molecule study  of LacI 

in live E. coli cells showed that the repressor spends 90% of search time moving along the 

DNA with little 3D diffusion (Elf et al. 2007). If this tendency for co-localisation is 

influenced by coupled transcription and translation, then such a trend should not be observed 

in eukaryotes; this was shown to be the case in the yeast S. cerevisiae (Hershberg et al. 2005). 

It is important to note however, that increasing the concentration of TFs would, in any case, 

improve search efficiency  (Kolesov et al. 2007). However, many TFs have only a few binding 

sites on the bacterial chromosome and therefore, are expressed in only a few copies. Thus, 

chromosomal co-localisation is the ideal mechanism for ensuring efficient binding site 

searching. However, one may expect this to be impractical for global TFs, which have many 

binding sites, which invariably will be positioned over a large portion of the genome (Janga et 

al. 2009). In such cases, the observed high expression levels of the TFs involved will counter-

balance the negative effect of dispersed binding sites on search efficiency.

Thus, in bacteria, the architecture of the transcriptional regulatory network imposes 

immediate constraints on the positioning of genes in the chromosome. Though localisation of 

TF genes and their targets on the eukaryotic chromosome is clearly non-random (Janga et al. 

2008), these influences are mechanistically less likely to be direct.
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I.4.5. Signal sensing in transcriptional regulation

Transcription factors are particularly essential in order to ensure that the cell expresses the 

right genes under the influence of specific signals. As pointed out earlier, there is an intimate 

connection between signals and TFs in bacteria. This is exceptionally well-characterised in 

particular systems, the repressor of the lac operon and that of the trp operon for example. A 

series of recent works has taken advantage of the wealth of experimental information 

available for E. coli in order to understand various patterns of interactions between signal 

sensing and transcriptional output.

In the first study of its kind, more than 100 TFs in E. coli were classified into external, 

internal and hybrid, depending on the source of the signal to which they respond (Martinez-

Antonio et al. 2006). External TFs respond to molecules that are transported into the cell from 

the environment, or via two-component signal transduction pathways where the sensing 

kinase is located on the cell membrane. Internal TFs sense molecules that are exclusively 

produced by  enzymes, or of cellular structures such as DNA supercoiling. Hybrid TFs sense 

molecules such as amino acids which can be produced by the cell as well as transported into 

the medium if available. 

Internal TFs control the largest number of target genes. On the other hand, external TFs 

generally  achieve more specific regulation. Possibly as a consequence of this differential 

distribution of target specificity between internal and external TFs, FFLs were found to 

contain a combination of internal and external sensing TFs (Janga et al. 2007b). 

Finally, proteins responsible for generating the signal (two-component sensors / transporters / 

enzymes) were found to co-localise with the downstream TF on the chromosome, particularly 

if the TF belonged to the external sensing category (Janga et al. 2007a). Internal-sensing TFs 

represent the other end of the spectrum in this property. Though the interpretations offered for 

the co-localisation of specific TFs and their target genes on the chromosome do not apply 

here, other explanations are attractive: catabolic pathways can be horizontally acquired; since 

external metabolite sensing would in many cases respond to nutrients, such a genomic 

organisation would allow efficient co-transfer of the nutrient sensors, TFs and the downstream 

enzyme genes (Price et al. 2008). 
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I.4.6. Evolution of transcription factors and transcriptional regulatory 

networks

So far, we have reviewed aspects of TFs and transcriptional regulatory  networks largely from 

the point of view of E. coli for which substantial data is available. In conclusion to this 

section on TFs and transcriptional regulatory networks, we discuss genome-scale studies of 

how TFs and their regulatory interactions evolve within the prokaryotic kingdom.

TFs are less conserved than other protein types, metabolic enzymes in particular (Babu et al. 

2006; Lozada-Chavez et al. 2006). Comparison of transcriptional regulatory networks of E. 

coli and B. subtilis showed that even global TFs are not particularly  well-conserved between 

the two phylogenetically distant organisms. 

Identification of those transcriptional regulatory interactions known in E. coli that  are also 

conserved in other completely-sequenced prokaryotic genomes suggested that organisms 

sharing a similar lifestyle (based on habitat, aeration and pathogenicity) tend to show greater 

similarity in their content of regulatory  interactions (Babu et al. 2006). Given that these life-

style classes are not biased by  phylogenetic grouping, it is clear that transcriptional regulatory 

networks are a major force in determining phenotypic adaptation to new environments.
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I.5. Non-transcriptional output: cyclic-di-GMP turnover

In considering networks involving TFs, we have discussed only  systems where the immediate 

output is invariably the modulation of the expression levels of a target gene(s). However, this 

is not representative of all forms of control downstream of signal sensing. For example, the 

well-studied chemotaxis pathways in bacteria extensively  make use of post-translational 

control. Metabolic enzymes are well-known to be regulated post-translationally by  allostery 

due to small-molecules. In fact, signal sensing itself by TFs is a form of post-translational 

control. In this section, we briefly summarise some aspects of signalling that results in 

turnover of cyclic-di-GMP (c-di-GMP), a second messenger which is produced in response to 

cellular and environmental triggers (Jenal and Malone 2006). We use this as an example of 

non-transcriptional control since, unlike in the case of cyclic AMP (which controls CRP), c-

di-GMP binding to a TF is less well-documented. Effector mechanisms of c-di-GMP are 

extremely diverse and therefore non-transcriptional outputs play a significant role in 

mediating the molecule’s ultimate effects (Hengge 2009).

I.5.1. Cyclic-di-GMP turnover

Cyclic-di-GMP was first  discovered in the late 1980s as a small-molecule regulator of 

cellulose biosynthesis in Glucoacetobacter xylinus and Agrobacterium tumafaciens (Amikam 

and Benziman 1989; Ross et al. 1987). Later, two enzymatic protein domains, called GGDEF 

and EAL, were implicated in the biosynthesis and hydrolysis of c-di-GMP respectively (Tal et 

al. 1998). A third domain called HD-GYP is less well-studied and is also involved in c-di-

GMP hydrolysis, albeit to a different end product when compared with the EAL domain 

(Ryan et al. 2006a; Slater et al. 2000). Functional characterisation of these protein domains in 

various organisms, most notably  Caulobacter crescentus, Vibrio cholearae, Salmonella 

typhimurium and Pseudomonas aeruginosa, identified general roles for this small-molecule in 

control of the complex decision to switch between motility  and adhesion (Jenal and Malone 

2006). In addition, roles in the control of virulence (Tamayo et al. 2007) and response to 

nutrient starvation have been pointed out (Kumar and Chatterji 2008).

Sequence-based searches for proteins containing the GGDEF and EAL domains showed that 

this signalling system is ubiquitous in Bacteria but absent in Archaea (Galperin et al. 2001). 

Secondly, these proteins were found to be present  in many  copies in most genomes, in 
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contrast to enzymes synthesising cAMP, leading to speculation on their spatio-temporal 

regulation. In fact, most of these proteins are found to be associated with additional partner 

domains, most notably the small-molecule-sensing PAS domain, suggesting signal-dependent 

post-translational regulation (Galperin et al. 2001). However, only  anecdotal evidence of 

transcriptional regulation exists, for example in E. coli stationary phase (Weber et al. 2005). 

Distinct cellular localisation of these proteins has also been demonstrated in specific cases, 

such as in the control of asymmetric cell division in C. crescentus (Paul et al. 2004). Given 

this, it is clear that there is a lot of scope for systematic characterisation of how these different 

c-di-GMP systems in a given bacterium are controlled, thus ensuring spatio-temporal 

separation of their activities.

Genomic surveys also identified a large number of proteins which contain both GGDEF and 

EAL domains. These ‘hybrid’ proteins have been termed as a ‘biochemical conundrum’ (Ryan 

et al. 2006b). In fact, the first proteins implicated in c-di-GMP turnover are hybrid proteins. 

Only a few of these proteins have been experimentally characterised and in almost all cases, 

only one of the two domains is catalytically active; the second domain might play the role of 

an allosteric regulator. In a recently characterised Mycobacterial hybrid protein, both domains 

are catalytically active, but at mutually exclusive time points depending on the cell’s nutrient 

status (Kumar and Chatterji 2008). These studies indicate that hybrid proteins would probably 

not come under a single general trend and therefore, genomic studies might be helpful in 

delineating various common scenarios that can be experimentally tested.

I.5.2. Control of protein activity by cyclic-di-GMP effectors

Though the enzymatic domains involved in the turnover of c-di-GMP are relatively well-

characterised, only recently  have we started to identify downstream players that  bind c-di-

GMP and mediate its effects. One important protein domain, identified through bioinformatic 

searches, is called PilZ (Amikam and Galperin 2006; Pratt et al. 2007; Ryjenkov et al. 2006). 

It is present in the c-di-GMP-binding cellulose synthase in E. coli. This domain has been 

subsequently  studied in other organisms and its role as a c-di-GMP effector established. In 

line with its role in c-di-GMP signalling, the phylogenetic distribution of PilZ closely  mirrors 

that of GGDEF and EAL domains. However, to our knowledge, no PilZ protein has been 

associated with a TF domain, thus currently  ruling out the possibility  of direct control of 
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transcriptional initiation by  c-di-GMP via PilZ. Other effector proteins include those that 

contain degenerate active site motifs for the GGDEF or EAL domains that still retain 

substrate-binding ability (Christen et al. 2005; Kazmierczak et al. 2006). Interestingly, even 

those degenerate GGDEF and EAL proteins that have been characterised retain roles related 

to the control of motility and adhesion (Hengge 2009).

Because of its structural similarity  to nucleic acids, c-di-GMP was proposed to bind to RNA 

molecules. This was experimentally verified later by the identification of riboswitches - 

regions in the 5’-UTR of certain mRNAs - that bind to c-di-GMP (Sudarsan et al. 2008). This 

particular conserved RNA domain has been found in the mRNAs of GGDEF and EAL 

proteins as well as some other proteins whose activities respond to c-di-GMP levels. This is 

an unequivocal example for post-transcriptional regulation of gene expression by this second 

messenger. Observation that c-di-GMP-sensing riboswitches, unlike those that sense 

metabolic products, are found in phage genomes suggested that phages could sense 

‘physiological transformations’ in the bacterial cell by monitoring c-di-GMP levels. 

In spite of the above studies, data on both signal-response and effect-mediation involved in c-

di-GMP signalling lag behind that on the enzymes involved in the molecule’s turnover. We 

anticipate further research to expand our knowledge of these aspects of this novel, and 

important, signalling mechanism.
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I.6. Signal transduction: two-component systems

Decision-making in response to a signal will require the sensed signal to be transduced to the 

output-generating protein, a TF or a c-di-GMP turnover enzyme for example. As pointed out 

earlier, a large number of TFs in bacteria contain a small molecule-binding domain: these 

represent what are called ‘one-component’ TFs, where signal sensing and transcriptional 

output are both, the responsibility of a single protein. The classical example for this is the 

repressor of the lac operon. In E. coli, 10% of TFs are part of what are called two-component 

systems: where a histidine-aspartate kinase senses a signal and transmits it by phosphorylating 

an asparate residue in the ‘receiver’ or ‘response regulator’ TF. This phosphorylation event 

changes the activity state of the TF. 

Historically, two-component systems, which represent a more complex alternative to one-

component systems, were thought to be the predominant mode of signal transduction in 

bacteria, though given recent evidence this is not the case (Ulrich et al. 2005). However, 

because of potential roles in virulence and consequent drug target interest, and their role in 

control of bacterial differentiation and development, there has been a lot of interest in the 

study of these proteins (Kato and Groisman 2008; Shi et al. 2008; Watanabe et al. 2008). 

While skipping through a large body of literature on these systems, we briefly discuss 

genome-scale analysis of their specificity, evolution and rationale in this chapter. 

I.6.1. Specificity in two-component regulation

Bacterial genomes generally encode for numerous histidine kinase - response regulator pairs. 

An important question in the field has been whether kinases are highly specific to a single 

cognate response regulator thus leading to linear signalling pathways (Laub and Goulian 

2007). This is particularly of interest given fairly high sequence similarities among histidine 

kinases (as well as response regulator domains). Here we outline a few genome-scale studies 

investigating this aspect of two-component signalling.

In an early  study of specificity and cross-regulation among two-component systems, a total of 

692 non-cognate histidine kinase - response regulator pairs in E. coli were tested for in-vitro 

phosphorylation (Yamamoto et al. 2005). Of these, only 22 showed any phosphorylation. 

Given that bacterial cells use various mechanisms in order to avoid cross-talk in vivo, such as 
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phosphatase activity of the kinases themselves (which can be regulated), limiting histidine 

kinase concentration and substrate competition, the physiological relevance of even these few 

cross-phosphorylation events is not clear (Laub and Goulian 2007). In fact, kinetic 

measurements of phosphotransfer reactions in both E. coli and C. crescentus showed that 

histidine kinases show a strong kinetic preference towards their cognate response regulators, 

though significant cross-reactivity can be seen if the reaction is carried out for sufficiently 

long periods of time (Skerker et al. 2005). Further, genomic analysis of the numbers of 

orphan histidine kinases and response regulators (not encoded in the same operon) showed a 

strong correlation between the two across 200 genomes (Alm et al. 2006). Despite this 

correlation there appears to be a substantial discrepancy between the numbers of histidine 

kinases and response regulators in some bacterial genomes. Therefore, the distribution of 

linear and branched pathways in two-component signal transduction remains unclear at this 

point.

Finally, what determines specificity? This question was elegantly  addressed by the group of 

Michael Laub. Using sequence analysis of cognate histidine kinase - response regulator pairs, 

the authors identified a few critical residues that were co-evolving across these sequence sets 

(Skerker et al. 2008). Some of these residues were located at  the presumed interface formed 

between the two interacting partners during phosphotransfer. The authors were able to rewire 

histidine kinase - response regulator pairing by replacing the critical residues of one histidine 

kinase with those of another, thus establishing the role of these residues in ensuring cognate 

interactions.  Thus, despite belonging to large paralogous families, these components of 

signalling pathways can ensure tight specificity via molecular recognition through only a few 

selected amino acid residues.

I.6.2. Evolution of two-component systems

Given that bacterial genomes generally  encode for many two-component systems and that 

these play an important role in sensing of extracellular signals and therefore in phenotypic 

adaptation to various habitats, it is important to understand the dynamics of their evolution 

across the prokaryotic kingdom. Firstly, it  is important to note that obligate host-associated 

organisms code for a few or no two-component proteins. On the other hand, soil-dwelling 

organisms with complex lifestyles such as Myxococcus xanthus and Pseudomonas aeruginosa   
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code for several hundred. A recent comprehensive study of the evolutionary  dynamics of two-

component systems mainly focused on the mechanisms by which these proteins are acquired 

by bacteria (Alm et al. 2006). Here we summarise some results of this work.

Two mechanisms of two-component gene acquisition were considered: horizontal gene 

transfer (HGT) and lineage-specific expansion (LSE). Both mechanisms were found to be 

commonly seen among two-component genes but different bacteria seem to prefer different 

mechanisms. In particular, LSE was found to be the preferred mechanism among bacteria 

with unexpectedly high numbers of two-component proteins. Histidine kinase genes acquired 

via LSE tend to be separated from their cognate response regulator genes on the chromosome. 

Further, histidine kinase thus acquired contain a greater diversity of signal-sensing domains 

thus providing the organism - especially one with a large number of kinases - greater 

flexibility in responding to a wider variety of signals. 

I.6.3. Rationale behind two-component systems

Given that two-component systems represent a relatively complex mechanism for signal 

transduction compared with one-component systems, one important question that has been 

addressed is ‘why two-components?’. Ulrich and colleagues observed that nearly  two-thirds 

of all two-component histidine kinases, which sense signals, are membrane-associated (Ulrich 

et al. 2005). Further, the output of a large majority of response regulators is transcriptional 

regulation. Thus, in these systems, signal sensing takes place at the cell membrane whereas 

output generation happens on the DNA which is cytoplasmic. Therefore, in order to convey a 

signal from the cell membrane to the DNA, at least one other protein component is required. 

This, concluded Ulrich et al., is the rationale behind two-component systems.

Though this should account for a majority  of two-component systems known till date, it is 

clear that a third of all histidine kinases are probably intracellular. Further, domain analysis 

has indicated that a third of response regulators have non-transcriptional output domains 

(Galperin 2006), including GGDEF and EAL domains. Therefore the above explanation is not 

sufficiently comprehensive and further analysis will be required.
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I.7. Conclusion

In this chapter, we have discussed in some detail genomic analysis of transcriptional 

regulation and TFs in bacteria. In doing so, we also briefly  described how signal-sensing 

mechanisms are integrated into the transcriptional regulatory  network. We then highlighted 

some key aspects associated with cyclic-di-GMP signalling, as an example of immediate non-

transcriptional output downstream of signal sensing and signal transduction. Finally, we 

described specificity, evolution and rationale behind two-component systems, one of the 

major signal transduction mechanisms underlying phenotypic adaptation in bacteria. These 

are the aspects of bacterial regulation and adaptation described in this thesis.

Various regulatory mechanisms, mainly operating at the post-transcriptional level, have been 

largely ignored here. These include, but probably not limited to, transcriptional attenuation 

(Yanofsky 1981), control of transcript stability and translation initiation by  small RNAs, and 

small-molecule dependent post-translational control by riboswitches (Masse et al. 2003). 

Other multi-component signal transduction mechanisms, discussed on a genomic scale by 

Galperin and colleagues, include Ser/Thr/Tyr kinases and adenylate kinases (Galperin 2005). 

These, in spite of their potentially  important  roles in bacterial adaptation, have not been 

considered. Finally, reversible genotypic variation (Moxon et al. 2006) - via slipped-strand 

mispairing during replication and transcription - that could present an alternative to regulatory 

mechanisms in adaptation, is beyond the scope of this thesis.
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1.1. Theme
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Global players regulating transcription in bacteria: 

DNA sequence, structure and trans-acting proteins
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Transcription initiation is the first stage of gene expression and is subject to a variety of 

‘global’ and ‘specific’ control mechanisms. This chapter investigates the role of DNA 

sequence and structure and global transcription factors (TFs) in globally controlling 

transcription initiation. 

This work, when published in an international peer-reviewed journal, will have the following 

authors:

Sivaraman, K., Seshasayee, A.S.*, Madan Babu, M., Luscombe, N.M., Cole, A.M.

*Joint first author



1.2. Introduction

Initiation of transcription at a bacterial promoter requires its recognition by RNA polymerase 

through interactions with a !-factor. The structure thus formed, comprising the DNA and the 

RNA polymerase holoenzyme, is called the closed complex. This is followed by the 

unwinding of the DNA duplex to form the transcription-capable open complex, and then 

transcription initiation and subsequently  elongation. Initiation of transcription is probably the 

most important control point in gene expression. It  is determined by factors including the 

DNA around the promoter and trans-acting regulators: proteins such as transcription factors 

and regulatory small-molecules that can directly  influence !-factor activity (Browning and 

Busby  2004). Various levels of regulation that influence transcription initiation are depicted in 

Figure 1.1.

DNA sequence is, by itself, an important determinant of transcriptional activity. Regions of 

DNA where transcription initiation occurs have higher AT-content than other non-genic 

regions and genes (Mitchison 2005). Enrichments of specific short sequence motifs at regions 

involving transcription initiation over internal-to-operon intergenic regions, where initiation is 

unlikely, may be explained by such differential AT-content (Janga et al. 2006). Since 

oligonucleotides that are over-represented in intergenic regions are embedded within this 

space of high AT-content, this space was perceived as an ‘address’ for a promoter (Sivaraman 

et al. 2005). This property of the DNA sequence is justified by the proposal that binding of 

proteins to the DNA is favoured by high-AT sequences probably due to the high bendability 

of the DNA around such regions (Mitchison 2005). Further, because of weaker inter-strand 

base-pairing at AT-rich stretches, unwinding of the DNA is significantly favoured, thus 

promoting the formation of the open complex. Here we emphasise that DNA stability is not 

entirely  explained by  AT-content (Champ et al. 2006; Ussery et al. 2002): for example, purine 

tracts are thermodynamically stable, whereas alternating purine-pyrimidine stretches (such as 

runs of TA) are easier to melt. A-tracts form stable DNA curvatures, which have 

consequences for protein-DNA interactions. 

DNA sequence, on its own, is a static property. Whereas it could determine whether a region 

is transcription-capable or not, it is temporally fixed, except under long evolutionary time-

scales. Therefore, it  does not, on its own again, allow modulation of transcriptional activity  in 
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response to environmental or cellular 

conditions. This is circumvented by a 

dynamic structural property of the DNA 

called supercoiling (Hatfield and Benham 

2002), which is aided by trans-acting 

enzymes (topoisomerases). Yet another 

critical regulator of initiation is the set of 

proteins called transcription factors that 

recruit or block the RNA polymerase 

(Browning and Busby 2004). Small-molecule 

regulators of transcription initiation, such as 

the stringent-response molecule ppGpp 

(Potrykus and Cashel 2008), are not considered here.

DNA supercoiling, defined as the contortion in DNA resulting from the addition or 

subtraction of ‘twists’ and ‘writhe’, is a dynamic ‘global second messenger’ linking 

environmental signals with gene expression (Peter et al. 2004). Subtractive twisting of the 

DNA, which defines ‘negative supercoiling’, promotes DNA unwinding. The extent of 

supercoiling is determined by two enzymes: the ATP-requiring gyrase and the passive type I 

topoisomerase, which promote negative and positive supercoiling respectively. Since gyrase is 

ATP-requiring, negative supercoiling is disfavoured under conditions, such as the stationary 

phase, where the cellular energy  charge is low (Hatfield and Benham 2002). In fact, transition 

from exponential to stationary  phase of growth leads to a positive shift in the supercoiling 

state of the DNA. Inhibition of DNA gyrase leads to complex changes in the expression of 

genes from a range of functional categories, not abiding by an intuitive correlation between 

positive supercoiling and reduced gene expression (Peter et al. 2004). This might be due to 

altered binding of various global transcription factors as a consequence of alterations in DNA 

structure, or changes in the topology of the promoter (Travers and Muskhelishvili 2005). In 

sum, DNA supercoiling and gyrase (and topoisomerase I) are global cis- and trans-acting 

factors respectively, that influence transcriptional activity. 
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Figure 1.1. Levels of transcriptional regulation. 



Finally, arguably the most important regulators of transcription initiation are transcription 

factors. In bacteria, these proteins activate transcription by recruiting the !-factor and 

consequently the RNA polymerase to the promoter; and repress transcription by directly 

hindering !-factor binding or by looping the DNA around the promoter (Browning and Busby 

2004). In E. coli, there is a hierarchy of transcription factors: global regulators that control a 

large number of genes from a range of functional categories, and specific factors that regulate 

one or a few genes or operons (Babu and Teichmann 2003; Martinez-Antonio and Collado-

Vides 2003b; Seshasayee et al. 2008). Activities of some of the global transcription factors, 

classically that  of Fis, IHF and H-NS, depend upon- and influence the structure of the DNA 

(Auner et al. 2003; Dorman 2009; Mukerji and Mahadevan 1997; O Croinin et al. 2006; 

Sheridan et al. 1998). Together, these global and specific factors ensure that the bacterium 

expresses the right genes under appropriate conditions, the number of responding genes being 

dependent on the condition.

Each of the above aspects of control of transcription initiation has been investigated on a 

genome-wide scale individually. However, we lack any focused analysis of how these 

components interact in controlling bacterial transcription initiation. This is important, 

particularly since we know that each acts in a manner that is dependent on another – for 

example, both AT content and supercoiling levels influence the binding of various 

transcription factors to the DNA.

In this computational work, we utilise genome sequence data to first complement existing 

work establishing the role of AT-content in controlling transcription initiation. In particular, 

we investigate how gene decay influences AT-content. Having established this, we integrate 

genomic sequence with a range of functional genomic data, in order to take steps towards 

delineating general principles underlying the interplay of DNA sequence, structure and 

selected trans-acting protein factors in globally controlling transcription initiation.
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1.3. Methods

1.3.1. Data sources

Genome sequence and annotation data were obtained for 712 prokaryotic genomes from 

GenBank and used to compute AT-content of ORFs and various intergenic regions. 

Transcription start sites for E. coli K12 were obtained from RegulonDB (Gama-Castro et al. 

2008). Operon predictions were downloaded from the laboratory of Moreno-Hagelsieb 

(Moreno-Hagelsieb and Collado-Vides, 2002) and RegulonDB. Pseudogene predictions were 

sourced from Pseudogene.org database (Harrison et al. 2003; Liu et al. 2004). 

Affymetrix microarray data were selected from Many Microbes Microarray database, 

abbreviated to M3D (Faith et al. 2007). Mid-log and stationary phase microarray  data were 

from the Cybercell experiment, also available in M3D (Brokx et al. 2004). 

ChIP-chip data for global transcription factors – Fis, IHF and H-NS – were downloaded from 

the work by the Busby laboratory (Grainger et al. 2006); that for gyrase binding were based 

on a cDNA microarray data published by Khodursky’s laboratory (Jeong et al. 2004). 

Literature-derived and curated transcriptional regulatory  network data was obtained from 

RegulonDB.

Horizontally  acquired genes were predicted using the Alien Hunter software (Vernikos and 

Parkhill, 2006) from the Sanger Institute.

1.3.2. Calculation of Codon Adaptation Index

Codon adaptation index (CAI) was calculated for all ORFs and pseudogenes in the 59 

genomes in our pseudogene dataset using the EMBOSS package. The mean and standard 

deviation of CAI values for all bonafide ORFs were calculated for each genome. This was 

used to express CAI for pseudogenes within that genome as a Z-score.

1.3.3. Gene expression data analysis

Gene expression data were obtained from M3D following the RMA normalisation procedure, 

which includes model-based background subtraction, quantile normalisation and median 
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polish summarisation. The authors of M3D have shown that for their data, this method works 

best (Faith et al. 2007). Differential expression between mid-log and stationary  phase was 

computed using the limma package and p-values were adjusted using FDR. 

1.3.4. Mapping ChIP-chip intensities to genes

For the ChIP-chip data for Fis, IHF and H-NS, which were obtained on tiling arrays, intensity 

for each probe was assigned to the mid-point coordinate of the probe. Each gene was assigned 

to all probes whose mid-point fell within 200 bp upstream of the transcription start sites 

annotated in RegulonDB.

1.3.5. Standard statistical tests

Standard statistical tests used in this study are (1) Wilcoxon-Mann-Whitney test for 

comparing distributions; (2) Fisher exact test  for categorical data; and (3) Pearson correlation 

coefficient. All p-values are reported for the appropriate one-tailed test. These computations 

were performed using the R statistical package (http://www.r-project.org).

Chapter 1: Global regulators of bacterial transcription initiation

31

http://www.r-project.org
http://www.r-project.org


1.4. Results

1.4.1. High AT-content in regions of transcription initiation is a conserved 

property

We classified all genes in the E. coli K12 MG1655 into ‘lead’ and ‘non-lead’ genes. The first 

gene of a multi-gene operon was defined as the operon’s lead gene; all single-gene operons 

were also classified as lead genes. All other genes in multi-gene operons were defined as non-

lead genes. Note that upstream of lead genes is a transcription initiation site; this is not true 

for non-lead genes. For this study, DNA region upto -100 immediately 5’ of the ORF was 

defined as the upstream region. 

We compared the AT content of upstream sequences of lead genes to that of non-lead genes in 

the E. coli K12 MG1655 genome. We confirm earlier results (Mitchison 2005; Ussery et al. 

2004) which showed that upstream sequences of lead genes have significantly  higher AT-

content than those of non-lead genes (Figure 1.2A). In order to prove that such high AT 

content is not an artifact of genome base composition we compared the AT-content of 

upstream regions with that of the corresponding ORFs (Figure 1.2B). Clearly, regions 
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Figure 1.2. AT content and transcription initiation  in  E. coli. (A) Distribution of AT contents of the 

-100 regions of lead and non-lead genes. (B) Difference between the AT contents of the -100 region 

and the gene body for lead and non-lead genes. In these box plots, which are used extensively in this 

thesis, the thick horizontal line represents the median of a distribution; the light horizontal lines 

enclosing the box at  the top and the bottom represent  the 75th and the 25 percentiles of the 

distribution, respectively; the thin horizontal lines above and below the box mark the outlier limits, 

defined by 1.5 times IQR (difference between the values representing the 75th and the 25th 

percentiles) above or below the 75th or the 25th percentile repectively. Points shown as dots are 

outliers. These are labelled in (A).

Q3= 75th percentile

Q1= 25th percentile
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upstream of lead genes have an AT content which is, on average, 8 percentage points higher 

than that  of the immediately downstream ORF. The corresponding value for non-lead genes is 

only 2 percentage points. The difference between these two sets of genes is significant (PW < 

2.2 x 10-16; W for Wilcoxon test). Thirdly, we compared the AT-contents of non-genic regions 

between divergent and convergent genes. This was done because regions between two 

divergent genes would involve transcription initiation while those between convergent genes 

do not. In concordance with this logic, intergenic regions upstream of divergent genes have a 

higher AT content than those between convergent genes (PW < 2.2 x 10-16; Appendix 1.1). All 

these results are in agreement with previously published data (Mitchison 2005; Ussery  et al. 

2004). 

Extension of our comparison of lead and non-lead genes to 712 completely sequenced 

bacterial genomes shows that only 17 genomes (Appendix 1.3), with no obvious common 

features among them, do not conform to this rule.

We note that dinucleotide frequencies are a better measure of DNA structural properties 

(Friedel et al. 2009) than overall AT content. We find that four dinucleotides: A-A, A-T, T-A 

and T-T, are enriched upstream of lead genes than non-lead genes (all PW < 2.2 x 10-16). A-T 

and T-A dinucleotides are equally  enriched suggesting that dinucleotide directionality does 

not substantially  add to our analysis (Appendix 1.2). Hence, we limit our study to overall AT 

content.

1.4.2. Gene decay is associated with loss of signal in ‘gene’-upstream regions

In order to extend the above analysis further, we tested whether pseudogene formation is 

associated with AT-signal decay  in the upstream regions. This was inspired by the knowledge 

that pseudogenes are encoded in the genome but are not expected to code for proteins; many 

may not even be transcribed. Towards this end, we obtained a dataset  of 6,436 pseudogenes 

from 59 prokaryotic genomes (Harrison et al. 2003; Liu et al. 2004). The AT-content of the 

region upstream of these pseudogenes, as well as the differential AT-content between the 

upstream region and the ORF, are significantly less than those of bonafide lead genes from 

these genomes (Figure 1.3A, B). In fact, overall, these measures are more similar to that 

obtained for non-lead genes. This clearly suggests that gene loss due to the evolutionary 
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process of pseudogene formation is associated with degeneration of the high AT-content 

signal that is characteristic of transcription initiation. 

Secondly, we tested if there is any  difference in the AT-content signal between ‘new’ and 

‘old’ pseudogenes (Echols et al. 2002). These two groups of pseudogenes can be 

differentiated using codon adaptation indices (CAI). We obtained a measure of the CAI for 

each pseudogene, as a Z-score against the distribution of CAI values obtained for all bonafide 

ORFs in the corresponding genome. ‘New’ pseudogenes were defined as those whose CAI 
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Figure 1.3. AT content upstream of pseudogenes. (A) AT content upstream of pseudogenes, bonafide 

lead and non-lead genes. (B) Difference in AT  content  between upstream region and gene body for 

pseudogenes, lead and non-lead genes. (C) AT  content upstream of ‘new’ and ‘old’ pseudogenes. (D) 

Difference in AT content  between upstream region and gene body for new and old pseudogenes. All 

data cover 59 genomes in our dataset with pseudogene predictions.

pseudo lead non!lead

0
2

0
4

0
6
0

8
0

1
0
0

pseudo lead non!lead

!
4
0

!
2
0

0
2

0
4

0

old new

0
2

0
4
0

6
0

8
0

old new

!
4
0

!
2
0

0
2

0

A
T

 c
o
n
te

n
t 
(%

) 
o
f 
u
p
s
tr

e
a
m

 r
e
g
io

n
A

T
 c

o
n
te

n
t 
(%

) 
o
f 
u
p
s
tr

e
a
m

 r
e
g
io

n

D
if
fe

re
n
c
e
 b

e
tw

e
e
n
 A

T
 c

o
n
te

n
t 
o
f

u
p
s
tr

e
a
m

 r
e
g
io

n
 a

n
d
 O

R
F

D
if
fe

re
n
c
e
 b

e
tw

e
e
n
 A

T
 c

o
n
te

n
t 
o
f

u
p
s
tr

e
a
m

 r
e
g
io

n
 a

n
d
 O

R
F

(A) (B)

(C) (D)



values were within 1 standard deviation from the mean for the ORFs in the genome; ‘old’ 

pseudogenes had CAI values less than 2 standard deviations below the mean. Clearly, new 

pseudogenes have statistically-significantly higher AT-content (PW < 2.2 x 10-16; Figure 1.3C) 

as well as upstream sequence–ORF AT-content difference (PW = 1.8 x 10-5; Figure 1.3D) than 

old pseudogenes. However, it must be noted that even for new pseudogenes, these measures 

are far less than those for bonafide lead ORFs. This implies that the very creation of a 

pseudogene is associated with a significant decay  in the upstream AT-content. Establishment 

of the pseudogene leads to further fall in this measure, though within limits probably 

established by the properties of the genome in question.

Finally, we investigated whether pseudogenes that contain tandem repeats differ in their 

upstream AT-content from other pseudogenes. This part of our study was inspired by  a recent 

work that showed that pseudogenes that are formed due to tandem repeats in the 

endosymbiont Buchnera aphidicola do produce functional proteins via transcriptional 

slippage (Tamas et al. 2008). This conclusively shows that these pseudogenes are 

transcriptionally  (and translationally) active. There is little difference in the AT-contents of 

upstream regions and the corresponding ORFs between pseudogenes with and without tandem 

repeats (PW = 0.4). However, the absolute AT-content is extremely  high for those with tandem 

repeats (PW < 2.2 x 10-16 respectively for the two comparisons; Appendix 1.4). This is likely  a 

consequence of a generally  high AT-content of these genomes. In fact, Buchnera genomes 

have between 70 and 80% genomic AT-content. Further, 80% (259 / 325) of pseudogenes with 

tandem repeats have A / T repeats. Thus, given that functional conversion of pseudogenes via 

transcriptional slippage is not an efficient mechanism, we propose that the high AT-content of 

these genomes / genomic regions in general precludes the necessity for special evolutionary 

processes in transcribing these genes.

In total, results presented so far complement other published data in establishing the role of 

high AT-content in initiating transcription. This has been explained by the increased 

propensity  of transcription factors to bind to AT-rich regions. In addition, we anticipate that 

high AT-content would afford relatively  easy unwinding of the DNA, thus permitting smooth 

transcription initiation. 
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1.4.3. Lead gene-upstream AT-content is variable in E. coli

Having established, using more sources of information than previously  achieved, the 

association of relatively  high AT-content with transcription initiation, we investigated how 

this property interacts with other global, but dynamic regulators of transcription initiation: 

namely DNA supercoiling and trans-acting proteins. In order to do this, we chose to study E. 

coli K12 MG1655 for which a wide range of functional genomic data is available. 

First, we observed that the upstream AT-content of lead genes in this organism ranges from as 

low as 35% to as high as 84% with the median at 57% and a median absolute deviation 

(MAD) of over 7% suggesting non-trivial variability. Therefore, we classified all lead-genes 

into three groups (Figure 1.4A): 
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Figure 1.4. Lead genes in E. coli, their expression and global transcription factors. (A) Density 

plot of the distribution of upstream AT content  of lead genes in E. coli K12. The three classes of genes 

are labelled. (B) Distributions of the highest expression levels across 221 Affymetrix arrays for the 

three classes of genes. (C) ChIP-chip binding intensity data from Grainger et al. 2006 for Fis, IHF and 

H-NS, each to the three classes of lead genes. The y-axis has been truncated to eliminate extreme 

outliers for convenience.



(1: group L for low) genes whose upstream AT-content is less than 50%, which corresponds to 

1 MAD below the median; 

(2: group C for control) genes whose upstream AT-content falls between 50% and 64% - 

ranging within 1 MAD either side of the median – both boundaries inclusive, and; 

(3: group H for high) genes with upstream AT-content greater than 64%.

Of the 2,424 lead genes in our dataset, 71% (1,726) belonged to the control group  C, 10% 

(254) to group L and 18% (444) to group H. Thus, nearly 30% of all lead genes in our dataset 

have an extremely high or low upstream AT-content. This led to us to ask specific questions 

regarding these outlier genes: 

(1) What are the functional consequences of an unexpectedly high upstream AT-content (H 

genes)?

(2) How are genes with extremely low upstream AT-content (L genes) expressed? 

We expected specific roles for the dynamic global cis- and trans-regulators in the control of 

expression of these outlier genes and proceeded to test them as follows.

1.4.4. Extremely high upstream AT-content does not lead to high gene 

expression: role of global transcription factors

We assembled publicly available gene expression measurements across 221 Affymetrix arrays 

from M3D database (Faith et al. 2007). We obtained the highest expression level across these 

conditions for each gene. We then obtained distributions of this value for each of the three sets 

of lead genes defined above in order to investigate whether extremely high AT content allows 

very high expression levels (Figure 1.4B). We find that this is not the case. Remarkably, we 

notice that  genes from set H, with extremely high upstream AT-content, have expression 

levels significantly below that for gene sets L and C (PW = 6.8 x 10-14; comparing H with C 

and L combined). L and C are expressed at similar levels indicating that very low AT-content 

does not impede transcription of L genes. Given that  high AT-content is a signature for 

transcription initiation, we can investigate the role of other global determinants of 

transcription such as supercoiling in enabling transcription of such low-AT genes, as well as 

confounding factors such as errors in operon prediction. We begin by investigating the role of 
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global transcription factors in controlling the transcription levels of these genes, starting with 

H genes.

We studied three global transcription factors - Fis, IHF and H-NS – in this work. These 

factors were specifically  chosen for the following reasons: (1) all three are among global 

transcription factors defined using a selection of stringent criteria (Martinez-Antonio and 

Collado-Vides 2003); (2) their activities are dependent-upon and influence DNA structure; 

AT-dependence of binding has been demonstrated for all three (Cho et al. 2008; Grainger et 

al. 2006; Lang et al. 2007); (3) unbiased genome-wide DNA-binding data obtained via ChIP-

chip, from a single study, are available for these factors (Grainger et al. 2006) and ; (4) though 

other global sequence-specific transcription factors – Lrp and Crp (Lin and Lee 2003; Wang 

and Calvo 1993) - affect DNA structure, and also have ChIP-chip data available, their 

activities are additionally influenced by small-molecule binding, and hence were not included 

here. 

We first  made use of curated regulatory interactions including the nature of interaction, 

available in RegulonDB (Gama-Castro et al. 2008), involving these transcription factors. Of 

these factors, only H-NS shows enrichment for targets among set H genes (5% or 21 target 

genes from H against 1.4% or 25 target  genes from C and <1% or 2 target genes from L). Of 

these 21 targets from set H, 18 are repressed by H-NS indicating a strong tendency  for this 

protein to repress high-AT target genes. 

Though the above dataset is of high quality, it is clearly incomplete and, as can be seen from 

the numbers above, very  few lead genes can be recovered. In order to counter this we made 

use of ChIP-chip data from the Busby laboratory  (Grainger et al. 2006; Figure 1.4C) that 

interrogate the in-vivo binding of these factors to the DNA on a genomic scale. This data is far 

more complete than the curated data used above, but ChIP-chip is more prone to errors. 

Therefore, the two datasets complement each other in deriving general principles on a 

genomic scale. We first find that H-NS binding signals for genes from set H are significantly 

higher than that for L and C combined (PW = 3.2 x 10-9). In addition, we note that  Fis also 

shows a similar tendency, though to a lesser extent (PW = 2.6 x 10-5). On the other hand, IHF 

shows no such trend. However, it is notable that set L genes show significantly  smaller IHF 
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binding intensities than H and C together (PW = 4.5 x 10-9) indicating a preference against 

binding to low-AT genes. These data clearly indicate differential binding of these three factors 

to the three sets of genes. 

In sum, it is notable that the greatest selective preference towards binding to H genes is shown 

by H-NS, which is recognised as a major global repressor of transcription (McGovern et al. 

1994): among all H-NS targets in RegulonDB, 70% are repressed by this factor. Comparison 
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Figure 1.5. Supercoiling and AT content. For each of the three classes of lead genes in our study, (A) 

Distribution of the p-value for differential gene expression in stationary phase against mid-log phase. 

Each p-value is represented as its negative logarithm (base 10), multiplied by +1 if the gene is 

upregulated in stationary phase and -1 if it  is downregulated. (B) Distribution of Pearson correlation 

coefficients with gyrA and gyrB. (C) Distribution of Pearson correlation coefficients with hupA and 

hupB. (D) Distribution of ChIP-chip binding intensities for DNA gyrase from Jeong et al. 2004.



of this percentage with those for Fis (33%) and IHF (37%) illustrates the predominance of 

repressive interactions involving H-NS. Moreover, H-NS is present at high levels throughout 

the bacterial life cycle (Azam et al. 1999); this would ensure stable repression of H genes in 

the absence of other relieving factors, which could include other protein factors as well as 

changes in environmental conditions - such as temperature and Mg2+ concentration - which 

influence DNA curvature (Dieckmann 1987; Ussery  et al. 1999) and consequently  H-NS 

binding (Yamada et al. 1990).

1.4.5. Functional implications of extremely high upstream AT-content genes: 

supercoiling and horizontal transfer

The above results point to a role of global transcription factors in ensuring that genes with 

extremely high upstream AT-content show lower maximal expression levels than others. 

However, it leads us to ask further questions: 

What is the nature of these genes which have extremely  high upstream AT-content, but be 

repressed by a global transcription factor? Is the AT-content simply  an evolutionary 

mechanism that achieves efficient binding of these factors to the DNA? Is there any other 

functional basis underlying this extreme AT-content?

First, we used gene expression data for two critical points of the bacterial growth phase, 

namely mid-log and stationary  phases in order to see whether H genes show any pattern 

(Brokx et al. 2004; Faith et al. 2007). Interestingly, H genes show greater differential up-

regulation in stationary phase over mid-log phase than L and C genes (Figure 1.5A; PW = 1.0 

x 10-5; comparing the distributions of FDR-adjusted p-values for differential expression for H 

against L and C combined). At a standard adjusted p-value cutoff of 0.05, 183 (41%) H genes 

are up-regulated in stationary phase, compared against 75 (17%) that are down-regulated. 

This preference for up-regulating H genes in stationary phase represents a strong enrichment 

over C and L genes (PF = 1.7 x 10-8; F for Fisher exact test). Since stationary phase represents 

a condition in which DNA is less-negatively supercoiled, an extremely high AT-content might 

be necessary to counteract this effect and permit formation of the open complex. 
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In order to test whether supercoiling plays a role in the up-regulation of H genes in stationary 

phase, we first employed microarray data. We find that  H genes show a poor correlation, in 

comparison to L and C genes, with the expression of gyrA and gyrB (PW < 2.2 x 10-16; Figure 

1.5B) that  form gyrase, the enzyme that induces negative supercoils in the DNA. Another 

protein that generates negative supercoiling in-vitro is HU (Guo and Adhya 2007). H genes 

once again show a clearly reduced correlation with hupA and hupB which comprise HU (PW < 

2.2 x 10-16; Figure 1.5C). In both cases, there is a strong tendency for H genes to anti-correlate 

with the expression levels of the second gene. This could, however, still be a consequence of 

the expression patterns of the gyr and hup genes. But, the role of supercoiling is substantiated 
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Figure 1.6. Anti-silencing of H-NS-repressed genes. Co-expression of various groups of lead and H-

lead genes with (A) Fis and (B) ihfA and ihfB. H/stat  stands for lead genes with extremely high AT-

content that are upregulated in stationary phase; H/other for all other H-group lead genes. The 

horizontal dashed line is drawn at  zero. (C) ChIP-chip intensity correlation between H-NS and Fis. (D) 

ChIP-chip intensity correlation between H-NS and IHF



by a microarray study that probed gene expression response to gyrase inhibition, showing that 

genes with high upstream AT-content respond positively to this perturbation (Peter et al. 

2004). Further, in a ChIP-chip dataset interrogating binding of gyrase to the DNA (Jeong et 

al. 2004), we find weaker intensities for H genes when compared to L and C (PW < 2.2 x 

10-16; Figure 1.5D). These data together suggest that the high upstream AT-content of H genes 

ensures expression of a substantial proportion of these genes under conditions, such as low-

ATP states, where the DNA is less-negatively supercoiled. 

Secondly, we find that 73 of the H genes (16%) are predicted to be horizontally  acquired. This 

is an enrichment over L and C genes (7%; PF = 1.1 x 10-9). This agrees well with their general 

repression by H-NS, which is a recognised repressor of horizontally-acquired genes (Dorman 

2007; Lucchini et al. 2006; Navarre et al. 2006; Oshima et al. 2006) to such an extent that 

horizontally-acquired plasmids could titrate out indigenous H-NS molecules leading to a hns--

like phenotype (Doyle et al. 2007). 

Under the repressive H-NS regime, expression of these genes need to be activated by 

extraneous factors. Documented players in such de-repression or ‘anti-silencing’ are other 

transcription factors such as Fis, IHF and Lrp, or proteins that physically  interact with H-NS 

and relieve repression (Stoebel et al. 2008). We assessed the potential role of Fis and IHF in 

the anti-silencing of H-NS-repressed H genes. In the ChIP-chip data used here, both Fis and 

IHF show significant positive correlation with the binding profile of H-NS at the gene level 

(correlation coefficients: 0.81 and 0.43 respectively; Figure 1.6C, D), with Fis showing a 

much higher correspondence. Given that a large majority of targets of Fis and IHF are 

activated (two-thirds) by these factors, these results indicate that both factors have the 

potential to anti-silence H-NS-repressed genes on a genomic scale. However, given the 

differences in expression patterns of Fis and IHF (Azam et al. 1999), these transcription 

factors are probably  involved in anti-silencing of different sets of H genes under different 

conditions. In fact, H genes differentially  up-regulated in stationary phase show different 

levels of expression correlation with these TFs when compared with the other H genes (Figure 

1.6A; shows Fis and IHF). Stationary phase H genes show strong anti-correlation with fis, 

consistent with the role of Fis as a mid-log specific protein (Azam et al. 1999) (PW = 2.0 x 

10-15; alternative hypothesis being correlation distribution is to the left of zero). Though non-
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stationary phase H genes still show a less-than-expected gene expression correlation with Fis 

(PW = 4.3 x 10-4; compared to correlation of Fis with all lead genes), the correlation here is 

much higher than that  for the anti-correlated stationary phase H genes (PW = 1.2 x 10-8). The 

pattern with lrp is similar to that with Fis, with the anti-correlated expression of stationary 

phase genes being less pronounced (not shown); however for this small-molecule-responding 

transcription factor, gene expression patterns may be poor indicators of activity. On the other 

hand, ihf shows a different expression pattern when compared with fis: stationary phase H 

genes show a higher-than-expected positive correlation with ihf (PW = 8.9 x 10-5), whereas 

other H genes show little correlation. This is also in agreement with a stationary phase role in 

gene expression for IHF (Azam et al. 1999). 

Together, stationary  phase and horizontally  acquired genes account for over half of all H 

genes (227 genes). This provides an association between a sequenced-based property and a 

biological role. Stationary  phase expression pattern is likely  to be a consequence of the 

supercoiling state of the DNA.

1.4.6. Permitting transcription initiation at low-AT genes: negative 

supercoiling

Finally, we explored whether extremely low-AT lead genes are due to errors in operon 

prediction, given that low AT-content is not typical of regions involving transcription 

initiation. For this we obtained the gene expression correlation coefficients across the 221 

microarrays in our dataset for these genes and those that precede them on the same strand. 

Clearly, the correlation is significantly less than that for genes predicted to be within the same 

operon (PW < 2.2 x 10-16; Appendix 1.5). However, the correlation is higher than that obtained 

for bonafide lead genes and the corresponding preceding gene (PW = 9.7 x 10-5). The 

correlation distribution obtained for L genes lies between indications of operon co-

membership and across-operon relationship (but  adjacent genes). Yet it is closer to across-

operon correlations (Mann-Whitney test statistic, normalised by the sample sizes, for 

comparison with across-operon correlation is less than half that for within-operon 

correlations; 0.27 against 0.59). Thus it is clear that a substantial proportion of low-AT lead 

genes are indeed lead genes. 
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Therefore, the question is how these L genes are transcribed, particularly due to difficulties 

that might be encountered during open complex formation. We first find that there is a slightly 

higher co-expression of L genes with gyrA and gyrB when compared to C genes (PW = 0.03). 

Though the above trend is statistically marginal, L genes show a statistically  significant 

increase in gyrase binding signal (Jeong et al. 2004), when compared to C genes (PW = 1.2 x 

10-6). We had shown earlier that H genes show weaker gyrase binding patterns than L and C 

genes; this is true when H is compared to C alone as well (PW = 5.8 x 10-16). This establishes a 

gradation in gyrase binding so that  L < C < H. Thus, this elevated gyrase binding at L genes 

leads to increased negative supercoiling at these sites, which would counteract the stronger 

inter-strand interactions due to the low AT-content of the DNA here. This is further supported 

by the observations of Jeong and colleagues that genes which are repressed by  gyrase 

inhibition have low AT-content in their upstream and coding regions (Jeong et al. 2006).

Chapter 1: Global regulators of bacterial transcription initiation

44



1.5. Discussions and conclusion

Transcription initiation is globally controlled by a combination of DNA sequence - a 

temporally static factor - and other dynamic features such as DNA supercoiling and global 

trans-acting factors. Various genome-scale studies have investigated each of these aspects in 

substantial detail. For example, various studies demonstrated a role for high intergenic AT-

content in bacterial transcription initiation (Janga et al. 2006; Mitchison 2005; Sivaraman et 

al. 2005; Ussery et al. 2004). Microarray studies perturbing the supercoiling state of the DNA 

suggest that this dynamic property  of the DNA is a global second messenger that links 

environmental signals to drastic transcriptional response (Peter et al. 2004). A genomic 

analysis of the effects of perturbations to supercoiling state and histone-like global 

transcription factors demonstrated a role for supercoiling in controlling metabolic systems 

underlying maintenance of growth (Blot et al. 2006). A large number of small-scale and 

genomic studies have established the role of global transcription factors in control of 

transcription initiation (Balazsi et al. 2005; Cho et al. 2008; Grainger et al. 2007; Grainger 

and Busby 2008; Grainger et al. 2006; Grainger et al. 2005; Martinez-Antonio and Collado-

Vides 2003; Martinez-Antonio and Collado-Vides 2003b; Seshasayee et al. 2009).

Initial attempts at connecting at  least two of these three properties on a genomic scale have 

been made. In one such study, it was shown that genes with high upstream AT-content are up-

regulated following loss of genomic supercoiling, thus linking a sequence-based property to a 

dynamic characteristic of the DNA (Peter et al. 2004). An independent study revealed a 

tendency for low-AT genes to be transcriptionally repressed by gyrase inhibition (Jeong et al. 

2006). Roles for AT-content and supercoiling in the binding of Fis, IHF and H-NS have been 

demonstrated (Blot et al. 2006; Cho et al. 2008; Grainger et al. 2006; Lang et al. 2007). 

However, given the diverse sources of functional genomic data available today for E. coli, we 

lacked a systematic analysis of how all three factors contribute to permitting transcription 

initiation. Here we present such a study.

Uniquely, at least for bacteria, we integrate genomic sequence data with a range of gene 

expression measurements alongside genome-wide in-vivo DNA-protein binding interaction 

data for transcription factors as well as a trans-acting enzyme. We demonstrate that genes 

with extremely  high upstream AT-content are expressed at lower maximal levels than other 
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genes, leading us to pin-point a role for the global repressor H-NS in achieving this. This has 

immediate implications for horizontally  acquired genes, which are globally  repressed by H-

NS, and are also enriched among extremely high AT-content genes. Release of H-NS 

mediated repression (Stoebel et al. 2008) could be achieved by various other global factors 

such as Fis, HU, IHF and Lrp, which bind to the DNA, and small proteins like StpA and Hha, 

which physically interact with H-NS. However, it is likely that different  factors anti-silence 

different sets of genes depending on their expression patterns.

We also show that the expression profiles of extremely  high upstream AT-content  genes are 

anti-correlated with those for genetic markers for negative DNA supercoiling. This property 

of the DNA sequence would allow uninhibited DNA unwinding under conditions where the 

DNA is positively supercoiled, stationary phase of growth being an important example. 

Finally, genes with extremely low upstream AT-content, where open complex formation could 

be inhibited, show greater gyrase binding signals, which would allow negative supercoiling to 

counteract the difficulties posed by such low AT-content. Use of this in-vivo gyrase binding 

data provides an unambiguously  direct evidence, not easy to obtain with gene expression data, 

for the role of this enzyme in controlling the expression of these genes. In fact, a high-GC 

discriminator region is known to impose strict requirement for negative supercoiling for 

expression of a stable RNA gene (Auner et al. 2003; Travers and Muskhelishvili 2005). We 

are unable to systematically  assess why  this 10% of lead genes should have extremely low 

upstream AT-contents and utilise the effects of DNA gyrase in order to initiate transcription; 

we anticipate though that this has evolved to tightly impose the requirement of negative 

supercoiling for the expression of these genes. However, evidence from simulation studies 

points to the role of negative supercoiling-dependence in generating significant noise in gene 

expression levels across a population of cells, thus generating diversity (Mitarai et al. 2008).

In summary, high upstream AT-content is a prerequisite for transcription initiation (90% of all 

lead genes have upstream AT-content higher than the genomic average). This holds true in 

higher organisms, at least in the yeast S. cerevisiae. However, dynamic factors including 

DNA supercoiling and trans-acting proteins such as global transcription factors, act over and 

above the DNA sequence in order to achieve intricate, condition-specific transcription 
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initiation. DNA supercoiling can also counteract the negative effects of low AT-content on 

transcription initiation in the relatively few genes with extremely low AT upstream regions. 

We do not  investigate how subtle promoter sequence properties, such as the length of the 

spacer region between the two primary  sites of the bipartite promoter, would interact with 

supercoiling (Travers and Muskhelishvili 2005) or with specific transcription factors 

(Browning and Busby 2004). Detailed roles of specific transcription factors and small-

molecule-binding global factors, which are not considered in this work, could be important 

under various environmental conditions: for example, the effect of ppGpp, a small-molecule 

stringent-response regulator of transcription, is antagonised by negative supercoiling at least 

at selected promoters (Figueroa-Bossi et al. 1998).

Our work is of interest  to the design of cellular systems with global alterations of gene 

expression. These also raise questions on the nature of DNA that can be safely  acquired 

horizontally by E. coli. These general principles are likely  to apply  across many bacteria, 

allowing for variations at a detailed level.
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2.1. Theme
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Principles of transcriptional regulation and evolution 

of the metabolic system in E. coli
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Following an investigation of global regulators of transcription initiation, we now study of 

specific regulation and its interplay with global regulators. Towards this end, this chapter 

discusses transcriptional control of small-molecule metabolism, an exhaustively studied 

system in E. coli, by transcription factors on a genomic scale.

This work has been published as:

Seshasayee, A.S., Fraser, G.M., Madan Babu, M., Luscombe, N.M.. 2009. Principles of 

transcriptional regulation and evolution of the metabolic system in E. coli. Genome Research. 

19: 79-91



2.2. Introduction

Small-molecule metabolism is the set of all chemical reactions that allows a cell to assimilate 

environmental nutrients, generate energy, and synthesise precursors necessary  for 

macromolecular synthesis. In order to survive in a habitat, organisms must utilise the nutrients 

that exist  in the environment efficiently, and adapt to changes in their availability. In the long-

term, prolonged exposure to particular habitats leads to the evolution of the metabolic 

enzymes encoded in the organism’s genome (Herring et al. 2006). In bacteria – which are 

generally  highly  streamlined and efficient organisms – small-molecule metabolism assumes 

special importance as typically  a quarter of gene content is devoted to metabolism. In fact, the 

number of enzymatic genes is a key determinant of bacterial genome size (Ranea et al. 2005). 

Systematic analyses of metabolic evolution are now possible owing to the availability of 

several hundred bacterial genome sequences accompanied by information on organism habitat 

and phenotype (Kreimer et al. 2008; Shlomi et al. 2007b). More recently, the dependence 

between bacterial gene content and the environment has been highlighted by metagenomic 

studies, which have suggested that specific metabolic functions act as signatures for particular 

types of habitats (Dinsdale et al. 2008; Gill et al. 2006; Turnbaugh et al. 2006). 

The enzymatic gene content of an organism represents just one dimension of the metabolic 

system, as many  bacteria live in variable environments and not all enzymes are required at all 

times. In the short-term, an adaptive response to changing nutrient conditions can be achieved 

through transcriptional regulation of intracellular enzyme concentrations. A powerful 

approach to study metabolic activity has been through the use of network representations, in 

which enzymatic reactions are depicted as directed edges and small molecules as nodes. The 

availability of genome sequences, coupled with the biochemical characterisation of enzymes, 

has led to high-quality  computational reconstruction of metabolic networks for a wide variety 

of organisms. Graph-theoretical analyses and simulations such as flux-balance analysis have 

been applied to these networks to study their structural and functional properties (Almaas et 

al. 2004; Almaas et al. 2005; Ibarra et al. 2003; Jeong et al. 2000; Ravasz et al. 2002).

Control of metabolic activity can be studied by overlaying a transcriptional regulatory 

network in which edges represent regulatory interactions from TFs to target genes. Data for 

the best-studied bacterium Escherichia coli is available in RegulonDB, which is a compilation 
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of over 2,000 regulatory  interactions derived largely  from literature describing small-scale 

experiments (Salgado et al. 2006). This substantial dataset has been used to improve 

phenotypic predictions by integrating regulatory information into metabolic flux balance 

simulations (Barrett et al. 2005; Covert et al. 2004; Covert and Palsson 2002; Herrgard et al. 

2003; Shlomi et al. 2007a). It  has also been used to characterize recurring patterns of TF-

target gene interactions termed network motifs that confer different kinetic properties to 

metabolic circuits (Alon 2007; Mangan et al. 2006; Mangan et al. 2003; Shen-Orr et al. 2002; 

Zaslaver et al. 2004).

In parallel, three genome-scale investigations have made important contributions to our 

understanding of general principles that underlie transcriptional regulation of the metabolic 

system (Ihmels et al. 2004; Kharchenko et al. 2005; Notebaart et al. 2008). In Saccharomyces 

cerevisiae, Ihmels et al. (2004) combined large-scale gene expression data with the metabolic 

network to demonstrate that transcriptional regulation ensures coherent metabolite flow 

between sequential enzymes. Kharchenko and colleagues (2005) reported, again in yeast, that 

enzymes show more similar expression profiles if they  are closer together in the metabolic 

network. Very recently  in both S. cerevisiae and E. coli, Notebaart et al. (2008) argued that 

strong correlations in metabolite flow calculated from flux balance simulations are better 

predictors of co-expression than simple distance separation in the metabolic network. 

The above works are largely based on the metabolic and regulatory apparatus of S. cerevisiae. 

Although both S. cerevisiae and E. coli are unicellular organisms, their regulatory machineries 

are vastly  different (Fink 1987). For example, whereas over half of all E. coli metabolic 

regulators are activated by  small-molecule-binding (Anantharaman et al. 2001; Madan Babu 

and Teichmann 2003), most eukaryotic TFs respond to complex signalling cascades (Reece et 

al. 2006). It is unclear if the findings are applicable to prokaryotes, and it is important to 

perform an independent study focused on a bacterial system. 

Here we study on a genomic scale, how the transcriptional regulatory system controls small-

molecule metabolism in E. coli. First we investigate the regulation of different types of 

metabolic pathways on a global scale, and also introduce a functional hierarchy of TFs. Next, 

we examine regulatory patterns at a local scale, by assessing how gene expression is mediated 
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for neighbouring metabolic reactions, with special attention on the control of pathway 

junctions. Finally, we study the evolution of metabolic pathways, and evaluate whether there 

is a relationship between the coordinated regulation and the conservation of enzymes. In 

doing so, we establish rules of transcriptional regulatory system that are generally applicable 

to bacterial metabolic systems. 
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2.3. Methods

2.3.1 Data sources

2.3.1.1 Metabolic network

Metabolite, enzyme, reaction, and pathway information were obtained from EcoCyc 9.0 

(Keseler et al. 2005). We used EcoCyc pathway annotations as they are manually  curated by 

human experts and have been shown to be functionally coherent (Green and Karp 2006). 

We removed transport (reaction type TR* or ABC* in EcoCyc) and tRNA charging reactions. 

We also excluded interactions mediated by the following compounds: ATP, ADP, AMP, Pi, 

NAD, NADH, NADP, NADPH, FAD, FADH2, NH3, NH4+, CO2, H2O2, O2, H2, CoA, H2O 

and any other metabolite labelled as ‘Non-Metabolic-Compounds’, ‘anions’, ‘cations’, 

‘Coenzymes’ or ‘Coenzyme-Groups’.

This gives a dataset of 628 metabolites, 781 enzymes, 788 reactions and 158 pathways. 

2.3.1.2 Transcriptional regulatory network

Transcription factor to target gene regulatory interactions were obtained from RegulonDB 5.0 

(Salgado et al. 2006). Additional regulatory interactions for CRP were included from ChIP-

chip  data (Grainger et al. 2005). From this we excluded target genes that did not belong to the 

metabolic network above. This resulted in a dataset of 111 TFs, 388 targets and 913 

regulatory interactions. Data regarding 43 TF-metabolite interactions were obtained from 

EcoCyc. 

2.3.1.3 Gene expression data

Raw .CEL files for 221 transcriptomic hybridisations to Affymetrix E. coli Antisense v2 

GeneChips were downloaded from the M3D database (Faith et al. 2007). 

2.3.1.4 Other data

(i) Functional classifications for E. coli genes were obtained from the Clusters of Orthologous 

Groups database (Tatusov et al. 2003). (ii) Information about the operon organisation of E. 

coli genes was obtained from RegulonDB 5.0. (iii) The set  for 2777 enzyme pairs with 
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coupled fluxes was taken from Notebaart  et al. (Notebaart et al. 2008). (iv) Protein sequences 

for orthologue identification were downloaded from the Kyoto Encyclopedia of Genes and 

Genomes database (Kanehisa et al. 2006). (v) Organism phenotype data (aerobic, anaerobic, 

facultative) were obtained from the NCBI microbial genomes database (http://

www.ncbi.nlm.nih.gov/genomes/lproks.cgi).

2.3.2 Classification of catabolic, anabolic and central energy metabolic 

enzymes

Enzymes were classified as catabolic, anabolic or central energy metabolism according to 

EcoCyc annotations. All enzymes belonging to the glycolysis, TCA cycle, glyoxylate shunt 

and pentose phosphate pathways were classed as central energy metabolism. Enzymes 

belonging to two or more categories (eg, catabolism and anabolism) were excluded from the 

relevant sections of analysis. 

 

2.3.3 Classification of general and specific TFs

TFs were classified according to the functional annotations of target genes: specific if all 

targets belonged to the same EcoCyc pathway or COG functional category; general if targets 

belonged to more than one COG functional category. For general TFs the enrichment for 

functional categories was assessed using the Fisher-Test followed by  False Discovery  Rate 

correction for multiple testing (Benjamini and Hochberg 1995). 

TF was classified as pathway (or COG) specific if all its targets shared a common EcoCyc 

pathway (or COG function) membership. General TFs were identified as follows: for each TF, 

enrichment of a given COG function among its targets was assessed using Fisher-test 

followed by FDR multiple testing. This procedure has been applied to identification of 

enriched functional categories in a given set of genes (Al-Shahrour et al. 2004). A TF was 

flagged as general if at  least one function was statistically enriched (FDR <= 0.01) and there 

were at least 10 targets belonging to this function.
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2.3.4 Derivation of enzyme pair configurations

We first defined a metabolic reaction network as a bipartite graph with two types of edges: (i) 

leading from a metabolite to a reaction that consumes the metabolite and (ii) from a reaction 

to its product. Directionality of reactions was derived based on pathway annotations.

The above network was then used to identify enzyme pairs connected in different 

configurations as given below:

Flow configurations:

These are networks which represent metabolite flow from one reaction to the next.

i. Linear-flow: E1 (enzyme 1) is connected to E2 (enzyme 2) if the product of E1 is 

product of no other enzyme and is reactant to only E2. 

ii. Junction-flow: E1 is connected to E2 if a product of E1 is substrate to E2 and this 

edge is not part of the linear-flow network. Here, any metabolite that is consumed by 

more than one reaction is a divergent metabolite; all other metabolites are convergent 

metabolites. 

Non-flow configurations:

These networks do not represent the direction of metabolite flow.

 

iii. Convergent: E1 is connected to E2 if they share a common product. 

iv. Divergent: E1 is connected to E2 if they share a common reactant. 

In the first stage, the networks were represented as pairs of reactions represented by  EcoCyc 

reaction IDs. Connectivity  properties of reactions (not individual enzyme genes) were used to 

derive the four network types. In the second step, reaction pairs were converted to 

corresponding enzyme pairs; any reaction pair might be represented by more than one enzyme 

pair due to the involvement of several genes in catalysing a single reaction.

In the above analysis, all isozymes are mapped to the same reactions without any 

discrimination. A separate analysis was done for isozymes in order to achieve a more 
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complete comparison with the work of Ihmels and colleagues (2004). In EcoCyc, every 

reaction ID is mapped to an enzymatic conversion. Each enzymatic conversion is represented 

by an enzyme which might be composed of one or more genes. Any reaction that is mapped to 

more than one enzymatic conversion was taken to be regulated by  isozymes. Every pair of 

enzymatic conversion assigned to the same reaction ID was then analysed at  the level of 

individual enzyme genes. 

In order to calculate the nature of regulation of isozymes at junctions, we made list of 

junctions involving reactions making use of isozymes. If the reaction involving isozymes fed 

into the junction, then there should exist more than one outgoing reactions. Similarly, if the 

reaction involving isozymes led out of the junction, then there should be more than one 

incoming reaction. The nature of regulation was calculated for every quadruplet of enzymes: 

two isozymes for the same reaction and two enzymes that operate immediately upstream or 

downstream of the isozymes-involving reaction. Any  pair of reactions was flagged as being 

co-regulated if the co-expression correlation across 221 arrays was >= 0.30.

2.3.5 Path-lengths in metabolic networks

Distance between any two reactions was calculated using the non-heuristic Breadth First 

Search algorithm. For these calculations the union of the linear-flow and the junction-flow 

networks was used. Distance between a metabolite and a reaction (used to measure separation 

between a metabolite that  binds a TF and an enzyme regulated by the TF) was defined as 

either (i) the number of reactions upstream of the metabolite and downstream of the target 

reaction or (ii) the number of reactions downstream of the metabolite and upstream of the 

target reaction along the shortest path separating one of the reactions directly involving the 

metabolite and the target reaction. The shortest of the above two distances was used.

Enzymes involved in the shortest paths between any  two enzymes were identified using the 

iGraph package implemented in R.

2.3.6 Microarray data processing

Raw CEL files were processed using the RMA procedure (Irizarry et al. 2003) implemented 

in Bioconductor (Reimers and Carey 2006), as it was previously  shown to be the best 
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procedure for this dataset (Faith et al. 2007). This results in a matrix of log-normalised 

expression measures where each row represents a gene and each column, an array. Pearson 

correlation coefficients between gene expression profiles of every  pair of enzymes across all 

arrays were calculated from this expression matrix.

2.3.7 Identification of orthologs

Orthologs were identified using the standard approach of bidirectional best-hit FASTA 

(Pearson and Lipman 1988). For this, FASTA version 34 and an upper expectation cutoff of 

10-4 were used. 

2.3.8 Statistical tests

2.3.8.1 Standard tests

Five statistical tests were used in this study: (i) one-tailed Mann-Whitney test, a non-

parametric test, for comparing two distributions (ii) one-tailed Fisher exact test, followed by 

application of FDR where more than one p-value was computed, for categorical data and (iii) 

Pearson correlation coefficient to assess co-expression and (iv) Phi correlation coefficient for 

nominal variables to measure co-evolution (v) Mutual information score for testing 

association between co-expression and co-evolution correlations. Details of where each of 

these tests were used are presented in context in the results section. 

In our calculations of Pearson correlations, we found that 75% of all gene pairs with 

correlation p-value < 0.001 have correlation coefficients greater than 0.30. This cut-off was 

used to define co-regulation primarily  in the analysis of isozymes because of a lack of 

relevant information in the transcriptional regulatory network.

2.3.8.2 Random simulations for significance-testing of the highest of  n co-

expression correlations

For any  given set of m metabolites, with any metabolite mediating connections between ni (1 

 i  m) pairs of enzymes, a distribution (size = m) of highest expression correlations among 

all ni pairs of enzymes was obtained. In addition, 1,000 random distributions, each of size m, 

and each value being the highest co-expression correlation among ni randomly chosen pairs of 
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enzyme genes, were obtained. The actual distribution was compared against each of the 1,000 

random distributions using the Mann-Whitney  test  and p-values (under the null hypothesis 

that the actual distribution is less than, or equal to the random distribution) were derived. This 

was done for the junction-flow (where each p-value was < 2.2 x 10-16) and for the non-flow 

(p-values ranging from 0.004 and 0.2) networks. 

2.3.8.3 Random simulation for significance-testing of  the mutual information 

between co-expression and co-evolution

We obtained 1000 sets of 9798 random pairs of correlation coefficients, one value 

representing co-expression and the other co-evolution correlation, while maintaining the 

distributions of each of the two coefficients. For each of the 1000 random sets, mutual 

information between the two variables was calculated. A Z-score for the actual mutual 

information value was derived using the formula:

where MI is the actual mutual information score, µR is the mean and !R is the standard 

deviation of mutual information scores calculated for the 1000 random datasets.

All these calculations were done using a combination of PERL (http://www.perl.com) and the 

R environment (http://www.r-project.org). Mutual information was calculated using the R 

package supplied by Daub and colleagues (Daub et al. 2004). 

2.3.8.4 Normalisation of co-expression vs. co-evolution correlations

In Figure 2.6B, we used the following normalisation procedure to obtain a measure of the 

overlap between co-expression and co-evolution correlations corresponding to each bin.

If p is the number of bins for co-expression correlations and q is that for co-evolution 

correlations and Ni,j represents the number of entries belonging to the intersection of the ith 

co-expression bin and the jth co-evolution bin, then,
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2.3.8.5 Robustness of results

In order to test the robustness of results obtained we generated transcriptional regulatory 

networks with deletion of- or errors in 5%, 10%, 15%, 20%, 25% and 30% of all edges. We 

then compared the medians of the degree distributions obtained for catabolic, anabolic and 

central metabolic genes across these networks against the real network. We also used the 

percentage of enzyme pairs with matching sets of regulators in the flow and the non-flow 

metabolic configurations (local regulation) as a parameter to test  robustness of results. The 

effect on local regulation of similar deletions and alterations in the various forms of the 

metabolic network was also tested. In general, the results from these calculations are 

qualitatively similar suggesting that  our findings are unlikely to be affected by any 

incompleteness or inaccuracies in the dataset (Appendix 2.12A and 12B).
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2.4. Results 

Our study employs five distinct datasets: (i) a metabolic network comprising 788 reactions 

mapped onto 781 enzyme genes and 628 small molecules from the EcoCyc database (Keseler 

et al. 2005); (ii) a transcriptional regulatory network involving 111 TFs regulating 388 

enzyme genes (49.7% of all enzymes) via 913 regulatory  interactions, sourced from 

RegulonDB (Salgado et al. 2006); (iii) 43 binding interactions between 40 TFs and 39 small 

molecules from EcoCyc representing post-translational regulation of TF activity; (iv) 

Affymetrix microarray  data covering 221 mRNA hybridisations across diverse cellular 

conditions from the M3D database (Faith et al. 2007); and (v) protein sequences for E. coli 

K12 MG1655 and 380 other prokaryotic organisms with completely sequenced genomes 

obtained from the KEGG database (Kanehisa et al. 2006). The first four datasets contain 

information for E. coli K12 only. 

2.4.1 Global regulation of metabolic enzymes

2.4.1.1 Hierarchy of general and specific TFs

The E. coli transcriptional regulatory  network was previously shown to have a pyramid-

shaped hierarchical topology, with a few master TFs at the top level regulating lower level 

TFs (Balazsi et al. 2005; Ma et al. 2004; Yu and Gerstein 2006). Recent  works have further 

shown that metabolic pathways are regulated by  shorter cascades of transcription factors than 

functions such as motility and biofilm formation (Martinez-Antonio et al. 2008; Shen-Orr et 

al. 2002). Here we show that the regulation of the metabolic system is also hierarchical in 

terms of the functionality of the targeted enzymes (Figure 2.1). All the results presented in 

this paper are robust against perturbations in the underlying dataset  (ie, introduction of errors 

and deletion of data points), indicating that our findings are likely to remain valid as datasets 

are updated in future (Methods). 

At the top of the hierarchy, general TFs regulate genes belonging to multiple functional 

categories as described by the COG classification system (Tatusov et al. 2003). 10 of the 111 

TFs in our dataset belong to this group and it includes 6 of the 7 global TFs described in an 

earlier publication (Martinez-Antonio and Collado-Vides 2003). Despite the breadth of their 

regulation, all these TFs display a statistical enrichment for a single functional category that 
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reflects the nature of the input signal sensed 

by the TF concerned. For example, Lrp binds 

leucine, and preferentially targets amino acid 

metabolism. Even Fis and IHF – which do 

not explicitly contain signal-sensing 

domains, but whose activities are growth-

phase dependent (Ali Azam et al. 1999) – 

favour regulation of energy metabolism (Blot 

et al. 2006). 

On the other hand, specific TFs restrict their 

target genes to those in the same EcoCyc 

pathway or the same functional category: 54 

TFs are pathway-specific and 18 others are 

function-specific (ie, regulate more than one 

pathway but only  those of single functional 

category). Again, the activities of many 

specific TFs are post-translationally 

controlled through small-molecule binding 

(Anantharaman et al. 2001; Madan Babu and 

Teichmann 2003); however here, the 

regulatory metabolite tends to originate from 

the pathway that is targeted by the relevant 

TF, effectively forming a local feedback 

loop. A classic example is the LacI repressor 

of the lactose utilization operon: on binding 

allo-lactose, this TF immediately  affects the 

corresponding catabolic pathway. We could 

not classify the remaining 29 TFs, as there were too few targets with metabolic COG or 

pathway annotations in the current dataset. 
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In direct relation to the diversity  of target-gene functions, we find that general TFs regulate 

more genes than specific TFs; thus the topological and functional hierarchies of the regulatory 

network are closely  linked. The two classes of TFs also differ in several other ways 

(Appendix 2.1). (i) General TFs display  higher mRNA expression levels than specific TFs 

when we examine data from Affymetrix GeneChips (PW = 5.6 x 10-5; W for Wilcoxon test). 

This reflects the fact that cells require larger absolute quantities of general TFs since they 

have to bind many  more targets (Lozada-Chavez et al. 2008).  For example, it is well known 

that CRP, which targets the entire carbohydrate metabolism system, is present in 1,400-6,600 

copies per cell (Ishizuka et al. 1993), compared with LacI, which controls only lactose 

degradation and is present in only  10-20 copies per cell (Gilbert and Muller-Hill 1966). (ii) In 

line with previous observations (Menchaca-Mendez et al. 2005), we also observe that the 

genes of specific TFs tend to be encoded much closer to their target binding sites, in contrast 

to general TFs (PW < 2.2 x 10-16). In prokaryotes, transcription and translation are tightly 

coupled, ensuring that the protein product is generally  produced close to the encoding gene on 

the chromosome. As specific TFs are expressed in small quantities and have comparatively 

few targets, they would locate binding sites more efficiently  if their genes are proximal on the 

chromosome (Janga et al. 2007; Kolesov et al. 2007). (iii) Finally, small molecules that 

regulate the activity  of specific TFs tend to be closer in the metabolic network to the target 

enzymes of these TFs, compared with those that bind general TFs (Section 2.4.2 and 

Methods). This indicates that the feedback loop  involving specific TFs in more local in 

nature. 

2.4.1.2 Catabolism, anabolism and central energy metabolism are regulated 

differently

Next we investigate whether distinct regulatory  principles operate in different metabolic 

subsystems (Table 2.1): (i) the catabolic subsystem assimilates diverse nutrients from the 
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metabolism type
#reactions #enzymes

#TFs
all regulated all regulated

all 788 371 781 388 112

catabolism only 168 113 186 128 64

anabolism only 370 130 339 110 37

central and energy 
metabolism

53 33 109 74 32

 Table 2.1. Metabolic sub-functions.



environment, and feeds these products into 

energy generating pathways; (ii) the 

anabolic subsystem synthesises a wide 

range of small-molecule products from a 

limited set of precursor molecules; and (iii) 

the central / energy subsystem is situated 

between catabolic and anabolic pathways, 

generating ATP and biosynthetic precursors. 

We studied this by testing for differences in 

the numbers of TFs that regulate genes from 

these metabolic functions and also for 

differences in the TF classes involved.

As shown in Figure 2.2A, each subsystem is 

regulated differently. Anabolic pathways are 

controlled by  few TFs, with 67% of 

enzymes targeted by a single regulator each. 

In contrast, central energy metabolism is 

heavily regulated: over 75% of enzymes are 

controlled by at  least three TFs each. 

Catabolic enzymes lie between the two 

extremes. 

The subsystems also differ in the balance of 

general and specific TFs (Figure 2.2B, C). 

Catabolic enzymes tend to be regulated by  a 

combination of both TF types (eg, CRP and 

LacI), and the need for multiple regulators is illustrated by the control of carbohydrate 

processing pathways. Under normal circumstances, E. coli favours glucose as the main carbon 

source. However in the absence of glucose and the presence of an alternative sugar (eg, 

arabinose), CRP, a general regulator for many catabolic systems, and a specific TF (eg, AraC) 
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jointly activate the appropriate pathways. This ensures that alternative carbon sources are not 

utilised when glucose is available in the medium.

In contrast, anabolic enzymes are usually targeted by a lone regulator, with no preference for 

general or specific TF type. As discussed above, many of these TFs bind small molecules that 

are related to the pathways they control (eg, substrate or product of the regulated pathway), so 

creating extensive feedback between enzyme expression and cellular demands for the 

anabolic product. A general regulator that demonstrates this principle is Lrp, which binds 

leucine and preferentially  targets a large group of amino acid biosynthetic pathways. An 

example of a specific regulator is BirA, which binds biotin-5-AMP and controls biotin 

biosynthesis. By varying a given TF’s binding affinity to different target promoters, a single 

input regulation facilitates a program of ‘just-in-time’ transcription in which enzymes at the 

beginning of pathways are expressed earlier than those at the end (Zaslaver et al. 2004). This 

form of control is most likely to benefit 

anabolic pathways as they tend to involve 

more reactions than catabolic pathways 

(Appendix 2.2) and metabolites take longer 

to process. 

Finally, central energy metabolism is almost 

exclusively  controlled by combinations of 

general TFs. This subsystem is a hub to 

which nutrients assimilate and from which 

anabolic pathways radiate out. This means 

that these enzymes need to respond to 

numerous environmental conditions, which 

is best achieved through control by general 

TFs expressed under multiple conditions 

(Martinez-Antonio and Collado-Vides 

2003). 
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2.4.2 Local regulation of metabolic enzymes

2.4.2.1 Connectivity of enzyme pairs in the metabolic network

Having studied how the metabolic network and its subsystems are controlled on a global 

scale, we now examine the regulatory properties of individual enzymes at a local level. For 

this we classified pairs of neighbouring enzymes by  their relative positioning in the metabolic 

network (Figure 2.3).

‘Flow’ reactions describe enzyme pairs arranged in a sequential manner so that metabolites 

proceed from one reaction to the next. These can occur in linear sections of the metabolic 

system, or at junctions; for the latter, enzyme pairs can be in divergent or convergent 

configurations. ‘Non-flow’ reactions occur only at junctions, and represent enzyme pairs that 

are positioned non-sequentially. These can once again be convergent  (both reactions feed into 

a common product) or divergent (both 

enzymes emerge from a common reactant). 

In total, we identify  9,798 enzyme pairs in 

these configurations, of which nearly a third 

have known regulators for both reactions 

(Table 2.2). Note that these arrangements 

are not exclusive, and enzymes can belong 

to more than one configuration.

2.4.2.2 Linear-flow reactions are 

strongly co-regulated

We assess the extent to which enzyme pairs 

are co-regulated (Figure 2.4A; Table 2.2); ie, 

targeted by identical sets of TFs. Simple 

linear stretches of the metabolic network are 

tightly co-regulated, as 75% of linear-flow 

reactions are targeted by the same TFs. An 

example of such regulation is that of purB 

and purC in purine biosynthesis by the TF 

PurR. We note that a substantial proportion 
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(58%) of co-regulated enzyme pairs reside in the same operon; thus genomic organisation of 

enzyme genes is a major driving force for coordinated regulation. However, nearly  half of co-

regulated enzymes belong to different operons and it  is clear that transcriptional control 

extends well beyond the confines of operon structure.

We confirm the observations made from the transcriptional network by testing the co-

expression of enzyme pairs (Figure 2.4B). Here, we measure co-expression of gene pairs by 

calculating the Pearson correlation coefficient of their expression profiles across 221 

Affymetrix hybridisations (Faith et al. 2007). Although this calculation is independent  of 

information from the transcriptional regulatory network, enzyme pairs in linear-flow 

configurations display higher levels of co-expression than other pairs (PW < 2.2 x 10-16). 

2.4.2.2 Pathway junctions are intricately regulated

At first glance, the amount of co-regulation appears much lower at pathway junctions (Figure 

2.4A; 8% for flow and 10% for non-flow). This is partly because most junctions have 

numerous incoming and outgoing reactions resulting in a large number of pairwise 

comparisons. In fact, over half of junctions (52%) contain at  least one pair of co-regulated 

flow reactions (ie, one incoming and one outgoing reaction), but fewer than a third (30%) 

contain a pair of co-regulated non-flow reactions (ie, both incoming or outgoing). This is also 

reflected by the microarray data in which co-regulated reactions display significantly  higher 

levels of co-expression compared with other enzymes (Appendix 2.3). In addition, many 

reactions connected at junctions have at least one TF in common (51% of all flow pairs, 36% 

of non-flow pairs, Appendix 2.4); in 95% of these cases, a general TF acts as the overlapping 

regulator. 
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flow / non-

flow
configuration

# reaction 

pairs

# enzyme pairs median 

expression 

correlationall regulated
identical 

regulators

overlapping 

regulators*

distinct 

regulators

flow

linear 136 205 81 61 (75%) 7 (9%) 13 (16%) 0.48

all junctions 2839 4633 1490 121 (8%) 696 (47%) 673 (45%) 0.14

divergent junctions 2564 4042 1208 59 (5%) 502 (42%) 647 (54%) 0.13

convergent junctions 275 628 295 50 (17%) 202 (68%) 43 (15%) 0.35

non-flow

all junctions 3423 4908 1457 90 (6%) 497 (34%) 870 (60%) 0.15

divergent junctions 1723 2833 933 76 (8%) 319 (34%) 538 (58%) 0.11

convergent junctions 1700 2127 566 72 (13%) 177 (31%) 317 (56%) 0.16

 Table  2.2. Transcriptional co-regulation in local metabolic network patterns. (*) 

The number of enzymes with overlapping TFs does not include those with identical 

TFs.



An example of such co-regulation occurs at a junction centred on the L-ribulose-5-phosphate. 

This metabolite is produced by AraB and consumed by AraD of the arabinose pathway, and 

by UlaE and UlaF of the ascorbate utilisation pathway. The first pair is targeted by the TFs 

CRP and AraC, and the second pair by CRP, IHF and UlaR. Thus, distinct  but overlapping 

sets of regulators ensure a coherent flow of metabolites through two complementary pathways 

in the junction.

These observations demonstrate that there is an intricate system of control at pathway 

junctions. General TFs determine the overall activity  of junctions by targeting all connecting 

reactions. Specific TFs are then used to fine-tune the expression of individual reactions. In 

many cases, one or more pairs of reactions – commonly  an incoming and outgoing pair – are 

controlled by identical sets of TFs to provide a major thoroughfare for the flow of 

metabolites. Alternative or additional reactions are then activated to divert  metabolic flow 

depending on the cellular conditions. 

2.4.2.3 Regulation is decoupled at divergent junctions

We can examine the control of junctions by dividing them into those that are convergent and 

divergent (Figure 2.3-4; Table 2.2). Here, we find that flow reaction pairs are more likely to 

be co-regulated if they  traverse convergent junctions (17% with identical TFs, 85% with 

overlapping TFs) than divergent junctions (5% and 47% respectively). 
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The difference in level of control is also reflected in the expression data. As previously 

described by Kharchenko et al. (2005), co-expression tends to fall with increasing distance 

between enzyme pairs in the metabolic network (measured as the number of separating 

metabolites). However, the pattern of co-expression depends on the nature of separation 

between the enzymes (Figure 2.5). Reactions uninterrupted by any junctions retain relatively 

high levels of co-expression (Figure 2.5A). Introduction of a convergent junction causes a 

slight drop in co-expression and the signal is not affected substantially beyond this point 

(Figure 2.5B). In contrast, a single divergent junction is sufficient to abolish all co-expression 

(Figure 2.5C). 

Notebaart and colleagues (2008) recently reported that enzymes with coupled metabolic 

fluxes – where a non-zero metabolic flux for one enzyme implies a non-zero flux for the other 

and vice versa – tend to show similar expression profiles (Appendix 2.5). In fact, there are 

fewer divergent junctions between flux-coupled enzymes than expected by  chance. Moreover, 

these junctions appear to provide natural boundaries for the definition of pathways: 62% of 

reaction pairs connected at convergent junctions share the same EcoCyc pathway, but only 

11% of pairs linked at divergent junctions do so (PF < 2.2 x 10-16; F for Fisher Exact Test, 

Appendix 2.6). Thus, we suggest that the topology of the metabolic network is an important 

determinant of flux coupling, as well as co-regulation.

A possible underlying reason for the unique behaviour of divergent junctions is that they are 

decision points in the network; ie, metabolic flow is dependent on the choice of one reaction 

over another. In comparison, convergent arrangements are not decision-making as flux can 

flow only in one direction out of the junctions. Therefore, by decoupling the regulation of 

connecting reactions at  divergent junctions, incoming metabolic flux can be directed towards 

the required product according to independent cellular signals. 

2.4.2.4 Isozymes are partially co-regulated

Isozymes are two or more enzymes that differ in amino acid sequence, but  catalyze the same 

reaction. There are several possible ways in which they could be beneficial to the organism. 

First, through selective utilisation under different  conditions, isozymes could permit fine-

tuning of a metabolic pathway as they often display differing kinetics. Next, the use of 
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dedicated isozymes in distinct pathways containing a common reaction could help reduce 

cross talk. Finally, isozymes could imply increased metabolic flow through a reaction and also 

provide redundancy to compensate against mutations. 

The E. coli network contains 97 reactions that are mediated by 196 isozymes. Though only 

7% of isozyme pairs are co-regulated by identical TFs, over 65% have overlapping TFs, 

indicating substantial regulatory coordination (Appendix 2.7). For example, the E. coli 

genome encodes for two acetylornithine transaminases ArgD and AstC; the general TF ArgR 

controls both, but another TF GlnG targets only argD. 

In the yeast metabolic network, Ihmels et al. (2004) described a special type of coordinated 

regulation termed “linear switch” that operates at divergent junctions, in which different 

incoming isozyme reactions are co-expressed with alternative outgoing branches. Such an 

arrangement could modulate the direction of metabolic flow in a condition-specific manner. 

We searched for similar patterns of regulation in E. coli using the expression data (Appendix 

2.8A). However out of 68 isozyme-containing junctions (ie, including both convergent and 

divergent), we could find only 8 cases of linear switches. Instead 47 junctions contain 

isoenzyme pairs that are co-expressed with the same upstream or downstream reaction in the 

junction. 

Both the regulatory  network and gene expression data indicate a high level of co-regulation of 

isozymes, so ruling out the first two possibilities above. Instead, the primary effect  of 

isozymes appears to be that of redundancy against mutations (Appendix 2.8B). Isozyme 

reactions are not preferentially  present in particular COG functional categories. However in 

general, they tend to be connected with larger numbers of substrate and product metabolites 

compared with other enzymes (PW = 3.6 x 10-5). In addition, a higher proportion of isozyme 

reactions (28 out  of 97 reactions; 29%) are involved in multiple metabolic pathways 

compared with other reactions (13%; PF = 7.8 x 10-6). Therefore, isozymes appear to be 

enriched in highly connected reactions that would impact greatly on the organism should they 

break down. 
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2.4.3 Global and local patterns of enzyme evolution

Having examined the pa t te rns of 

transcriptional regulation of enzymes, we 

now study how these regulatory  properties 

relate to the evolution of the metabolic 

system. For this, we identified orthologs of 

the E. coli metabolic enzymes in our 

dataset across 380 bacterial and archeal 

genome sequences. Every  enzyme was then 

assigned a phylogenetic profile represented 

by a series of binary values indicating the 

presence or absence of orthologues in each 

genome. 

2.4.3.1 Conservation of catabolic, 

anabolic and central metabolic 

pathways

First we assess the conservation of different 

types of metabolic pathways by  comparing 

the percentage of genomes in which an 

enzyme has a detectable orthologue (Figure 

2.6A). Catabolic enzymes are the least 

conserved, whereas anabolic enzymes are 

the most conserved. Members of the central 

metabolic pathways lie between the two. 

In general, pathways that are exposed to 

long-term extra-cellular changes tend to be 

less conserved than internal pathways; this 

under l ines the impor tance o f the 

environment in driving bacterial evolution 
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(Borenstein et al. 2008; Kreimer et al. 2008). Catabolism is poorly  conserved because the 

presence or absence of specific pathways is governed by the organisms’ habitat and the access 

to different sources of nutrients. It should be noted that the reference organism, E. coli, is 

metabolically versatile and therefore contains a large complement of catabolic enzymes 

compared with most other organisms. In contrast, anabolism is highly conserved because 

similar metabolic products – including amino acids, nucleotides and lipids – are required for 

macromolecular synthesis regardless of the organisms’ life-style. The only exceptions occur in 

species that are auxotrophic for some molecules. This difference in conservation of 

catabolism and anabolism has also been observed in eukaryotes (Lopez-Bigas et al. 2008). 

Central energy  metabolism displays intermediate conservation because organisms encode for 

either the TCA cycle or fermentative pathways, or both depending on their life-styles. E. coli 

contains both sets of enzymes, reflecting its capacity to perform aerobic and anaerobic 

respiration. In general, organisms classified as being aerobic or facultative (ie, both aerobic 

and anaerobic, like E. coli) encode for aerobic respiration genes more often than anaerobic 

species (p < 3.6 x 10-5, Appendix 2.9). However, we do not observe a similar trend for 

fermentative genes and anaerobic species; this could be because different substrates can be 

used for these pathways. 

2.4.3.2 Co-expressed genes also co-evolve

Next, we examined how enzyme pairs in different types of flow and non-flow configurations 

evolve. For this, we calculate the correlation between the phylogenetic profiles of each 

enzyme pair.  All the trends observed for co-regulation are reproduced here (Appendix 2.8). 

We find that: (i) enzyme pairs co-evolve most frequently when they  occur at linear flow 

reactions; (ii) of pairs at junctions, those in non-convergent reactions display  greater co-

evolution compared with divergent forks; (iii) enzymes in continuous sections of non-

divergent flow reactions show high levels of co-evolution, but  this trend is decoupled by 

divergent junctions; (iv) enzyme pairs with coupled fluxes tend to co-evolve.

These observations can be explained by  the clear agreement between the correlations in 

expression and phylogenetic profiles of enzyme pairs (Figure 2.5B mutual information = 

0.09; P < 0.001, permutation test). Co-evolving enzymes tend to be co-expressed (Figure 
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2.5B, 1st quadrant), and to a lesser extent inversely co-expressed also (2nd quadrant). 

However, there is little evidence for enzyme pairs to co-evolve negatively (3rd and 4th 

quadrants). 

These observations indicate a strong evolutionary  pressure to preserve the co-regulation of 

enzymes that co-evolve. The transcriptional regulatory  network is known to evolve rapidly in 

bacteria (Lozada-Chavez et al. 2006; Madan Babu et al. 2006; Price et al. 2007); Therefore, 

the repertoire of TFs and the details of regulatory interactions probably differ substantially 

between species but the gene expression program dictated by  the regulatory system is 

maintained. An important contribution to this trend is undoubtedly the strong evolutionary 

pressure to maintain similar chromosomal organization of genes, especially in cases where 

entire pathways are encoded within the same operon (Appendix 2.11). 
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2.5. Discussion and Conclusions

2.5.1 Summary of results

In this work, we presented a genome-scale study  of the transcriptional regulation and 

evolution of the metabolic system of a facultative model bacterium that is capable of 

assimilating a large variety of nutrients. 

At the global level, regulators operate in a two-tier hierarchy of general and specific TFs that 

control differing ranges of metabolic functions. The two types of regulators also differ in 

other characteristics such as expression level and chromosomal distance between genes 

encoding the TF and target gene. We also show that catabolic, anabolic and central metabolic 

pathways operate under different regulatory  regimes. Catabolic pathways tend to be regulated 

by a combination of general and specific TFs. Such an arrangement allows the system to 

respond to a combination of several environmental inputs, one of which is more dominant 

than others. This is exemplified by the role of the general TF CRP in carbohydrate 

metabolism, which represses all alternative sugar assimilation pathways in the presence of 

glucose. In fact, the expression of even a single additional pathway  can adversely affect the 

organism’s fitness (Dekel and Alon 2005). Anabolic pathways are mostly targeted by a single 

TF, which permits a ‘just-in-time’ regulatory output  as presented by Alon and colleagues 

(Zaslaver et al. 2004). As anabolism tends to involve the longest pathways in the network, this 

type of organisation is advantageous in allowing enzymes at  the end of pathways to be 

expressed later. Finally, central metabolism is a hub whose activity should respond to diverse 

conditions and accordingly these are regulated by multiple TFs, among which, the general 

TFs are known to be expressed under many conditions (Martinez-Antonio and Collado-Vides 

2003). 

At the local level, we examined the principles of co-regulation of neighbouring reactions. 

Here in common with S. cerevisiae, there is a strong tendency to co-express enzymes that are 

arranged sequentially. Interestingly, divergent junctions have gained a special status in the 

metabolic network, as they play an important role in decoupling the regulation of connecting 

pathways. Through the introduction of this modularity, divergent junctions allow pathways 

and their regulation to evolve independently of each other. 
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It is important  to note that although we do find a strong general relationship  between the 

regulation and expression of enzymes (ie, genes with identical TFs display similar expression 

profiles), a recent high-resolution study shows that the precise kinetics of target gene 

expression can differ substantially even when identical regulatory architectures are involved 

(Kaplan et al. 2008). Therefore, detailed understanding of how specific TF combinations will 

produce particular outputs will only be possible once we consider the structure of the 

promoter and the nature of upstream regulatory circuitry (such as the presence of feedback 

and feed-forward loops).

Lastly, we show that enzymes controlled by the same TFs display a strong tendency to co-

evolve, suggesting a significant constraint to maintain similar regulatory regimes during 

evolution. In particular, differences in the evolution of catabolic, anabolic and central 

metabolic genes across the prokaryotic kingdom clearly illustrate the role of the environment 

in dictating bacterial evolution. By incorporating information about this dependency, it may 

be possible to fine-tune predictions of an organism’s habitat given its enzyme gene content, or 

more ambitiously vice versa (Borenstein et al. 2008; Kreimer et al. 2008). 

2.5.2 Comparison to other genome-scale studies of metabolic regulation

Our current study  complements and expands on earlier genome-scale studies of metabolic 

regulation, most notably that of Ihmels and colleagues (2004). By using a large compendium 

of yeast gene expression data, the authors established that the transcriptional regulation of the 

metabolic system in S. cerevisiae drives flux towards linearity. Even at  junctions, there is a 

tendency for a single pair of incoming and outgoing reactions to be co-expressed, thus 

prioritising the flow of metabolites through selected pathways. 

The major findings for S. cerevisiae also apply  to E. coli: there is very  high co-regulation of 

linear-flow reactions, and junctions preferentially  target a single pair of flow-connected 

enzymes. However in contrast to the above study, we do not  see differential regulation of 

isozymes at pathway  junctions. Much of this difference may be due to the contrasting 

accuracy in assigning isozymes to pathways (see Methods). 
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A study by Kharchenko et al. (2005) showed that co-expression decreases with increased 

separation between enzyme pairs in the metabolic network. Most recently, Notebaart et al. 

(2008) reasoned that  the level of enzyme co-expression is best predicted by looking at the 

correlation of their metabolic fluxes. In fact, we demonstrate that both observations can be 

explained by considering nature of separation between enzymes; we suggest that the presence 

of a divergent junction serves to decouple both the transcriptional regulation and metabolic 

flux of enzymes. 

Of the above studies (Ihmels et al. 2004; Kharchenko et al. 2005; Notebaart et al. 2008), only 

Notebaart et al. made use of available transcriptional regulatory data, whereas the other two 

inferred patterns of co-regulation from gene expression data. Here, we incorporated 

regulatory interaction data in addition to gene expression information and both datasets 

support all our observations, confirming the robustness of the results. More importantly, the 

use of direct interaction data allows us to gain insights that are inaccessible from gene 

expression alone, including: the hierarchical classification of general and specific TFs; 

differences in regulation of catabolic, anabolic and central metabolic pathways; and combined 

use of overlapping and distinct TFs at pathway junctions. 

2.5.3 Impact of perturbations on metabolic regulation 

Given the observed precision of the metabolic regulatory apparatus, it is surprising that the 

few TF-knockout experiments that have been performed – even those involving major 

regulators – generally do not cause lethality  in E. coli (Blot et al. 2006; Bradley  et al. 2007; 

Covert et al. 2004; Perrenoud and Sauer 2005). Mutant strains lacking FNR, Fis, and ArcA 

display  the expected gene expression changes (ie, the pathways that are under direct 

regulation), but show only  slight differences in growth rate. Moreover, a recent study has 

shown that E. coli tolerates substantial artificial re-wiring of the regulatory  network through 

the introduction of new binding sites to promoters (Isalan et al. 2008). We anticipate that the 

modularity  imposed by divergent junctions is a major underlying reason for this robustness, as 

they  ensure that detrimental regulatory perturbations do not spill over into neighbouring 

pathways. Indeed, the metabolic system appears to maintain stable small-molecule 

concentrations by recruiting alternative pathways, even when central metabolic enzymes are 

deleted (Ishii et al. 2007). These responses are likely to impose a cost on the organism: most 
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knockouts are tested in isolation, but significant growth defects may become apparent if they 

are grown in competition with the wild-type strain in the appropriate condition. Though 

deletions of general regulators are not lethal to the cell, it has been shown, using systematic 

genome-scale gene deletion datasets in yeast, that these TFs tend to have a greater impact on 

cell growth than specific TFs (Yu et al. 2004). It would be interesting to test if this is true in 

E. coli using similar genome-scale experimental studies and computational analysis. 

These observations suggest that  transcriptional regulators of metabolic processes are probably 

not good targets for future antibiotic design. Instead, it may be more fruitful to target the 

enzymes themselves. We propose that  isozymes make good candidates, as they are generally 

co-expressed at highly connected junctions. By targeting isozyme pairs at strategic locations, 

it should be possible to choke an organism’s metabolic system. 

Our findings also have implications for the synthetic introduction of new metabolic enzymes 

into a bacterium. A major challenge when synthetic pathways overlap with the indigenous 

cellular metabolic network is the prevention of potentially disruptive interference between 

pathways. This could be minimised by ensuring that enzymes are incorporated close to 

divergent junctions in the existing network so that there is no crosstalk. 

2.5.4 Future work to complete the metabolic regulatory network

Our work here has benefited from the availability of large, genome-scale descriptions of the 

metabolic and regulatory systems, and the results are robust to gaps and errors in the 

underlying data. However, it is clear that we still do not have a complete picture of metabolic 

regulation. There is an uneven distribution of information, as more is known about regulators 

of catabolic pathways than anabolic ones. And, as highlighted by  Figure 2.1, certain functions 

such as energy  production, sugar and amino acid metabolism are better represented. In fact, 

we lack regulatory data for over half the enzymes in the metabolic network; in particular, little 

is known about the control of lipid metabolism, secondary metabolite metabolism and cell 

wall biosynthesis, which are critical for cell survival. An important area of future 

experimental work in microbiology will be to build a complete network of bacterial 

transcriptional regulation. 
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Finally, many  of the results presented here have also been observed for S. cerevisiae (Ihmels 

et al. 2004). This is remarkable because of the enormous divergence between the regulatory 

machineries of E. coli and yeast. Given this, we propose that the patterns of transcriptional 

control that we report might apply  to many prokaryotic systems, and perhaps even to some 

eukaryotic organisms.
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3.1. Theme
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Small molecules regulate E. coli metabolism by controlling enzyme concentration, largely at 
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3.2. Introduction

Small-molecule metabolism is the set of all chemical reactions that allows cells to assimilate 

environmental nutrients, generate energy and produce precursors necessary for 

macromolecule synthesis. This system is important. Organisms devote a significant 

proportion of their genome towards encoding metabolic enzymes (Ranea et al. 2005). 

Moreover, despite the diversity of life, the general outcomes of metabolism are essential to all 

free-living organisms.

The metabolic system must maintain a strict balance between the cost of small-molecule 

depletion and protein synthesis, and the benefits of cell growth and viability. Organisms 

ensure an exceptionally stable metabolic state despite large variations in the intra- and 

extracellular environment through a series of control mechanisms (Ishii et al. 2007). Such 

regulation is realised at two levels. At one level, cells moderate enzyme concentrations by 

controlling their gene expression, largely by  transcriptional regulation (see previous chapter). 

At another level, reaction rates are modified through reversible changes in catalytic activity, 

primarily  through allosteric means. The two mechanisms differ in the number of molecular 

events involved and consequently their kinetics. Allosteric regulation is rapid and occurs in 

the order of milliseconds. Gene expression regulation on the other hand, being limited by 

transcriptional and translational rates, requires several minutes to take effect, and is therefore 

slow. Thus there is a 104-fold difference in the time-scales involved. Furthermore, allosteric 

regulation rapidly prevents depletion of precursor metabolites, whereas transcriptional control 

conserves energy that would otherwise be expended in unnecessary protein synthesis. Thus, 

the two mechanisms complement each other both in their kinetics and function. 

In prokaryotes, much of the regulation is provided by  the small molecules themselves through 

a series of feedback loops. Figure 3.1A depicts the regulatory circuitry  for the tryptophan 

biosynthetic pathway in E. coli. The amino acid controls its own production by  allosterically 

inhibiting the first reaction in the pathway (we call this direct regulation because of the direct 

physical interaction between the regulatory small-molecule and the target enzyme); in parallel 

the molecule binds TrpR, enabling the transcription factor (TF) to suppress the expression of 

all enzymes (we call this indirect regulation because of the need for an intermediate TF). 
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Many pathways contain multiple feedback loops, resulting in a complex pattern of nested 

feedback loops. 

The complementarity of the two mechanisms in controlling metabolism necessitates a 

genome-scale investigation that incorporates both. Such a study is absent from the literature. 

Genome-scale studies to date, such as flux balance analysis (Covert et al. 2004; Covert  and 

Palsson 2002; Herrgard et al. 2003) and network-based approaches (Ihmels et al. 2004; 

Kharchenko et al. 2005; Notebaart et al. 2008; Seshasayee et al. 2009), have incorporated 

only one or the other of these mechanisms, transcriptional or indirect regulation in all these 

cases. To our knowledge, only one study has investigated direct / allosteric regulation of 

metabolism on a genomic scale, but more from the perspective of the chemical structure of 

the regulatory  small molecules (Gutteridge et al. 2007). Integration of both regulatory 

mechanisms is limited to detailed analysis of individual pathway  systems, central metabolism 

in particular. Such detailed studies have shown that direct regulation, at least in anabolic 

pathways, involves the pathway product which regulates the first reaction in the pathway. 

However, the absence of genomic studies means that there is no systematic derivation of 

general principles applicable to the combined regulatory  structure and hence we lack insights 

into how the two mechanisms are deployed and how they complement each other at a global 

level. 

Here we present an analysis of direct and indirect regulatory  networks for small-molecule 

metabolism using literature derived data from Ecocyc (Keseler et al. 2005) and RegulonDB 

(Salgado et al. 2006) for E. coli K12. We first reveal the unexpectedly-large scale of 

regulation and that a majority of regulatory interactions involve a small molecule from one 

pathway targeting a reaction from another. We then demonstrate that several general 

principles underlying regulation by one or the other mechanism are founded on the gross 

topological structure of the metabolic network. Finally  we show that transcriptional regulation 

is largely driven directly  by  environmentally available small molecules and unravel the effects 

this has on metabolic regulation.
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3.3. Methods

3.3.1 Dataset

Metabolic network, and interactions of 

small molecules with TFs and enzymes 

were obtained from Ecocyc 9.0 (Keseler et 

al. 2005). Transcriptional regulatory 

network was obtained from RegulonDB 

(Salgado et al. 2006). Microarray data for 

221 Affymetrix arrays was processed using 

RMA procedure online and downloaded 

from  M3D (Faith et al. 2007). Gene 

essentiality data was downloaded from the 

E. coli genomics resource at the University 

of Wisconsin (http://

www.genome.wisc.edu/resources/

essential.htm and Gerdes et al. 2003).

3.3.2 Metabolic system

See chapter 2, section 2.3.1.1.

3.3.3 Adjacent reaction network

In this network, each directed edge connect 

two reactions if a product of the first 

reaction acts as a reactant to the next. This network was used to calculate shortest paths 

between reactions. The mean of all shortest paths was 6.5 and the standard deviation was 2.6. 

A cut off distance of 4 (~mean – standard deviation) was used to define closely connected 

reactions. 

3.3.4 Direct regulatory interactions between metabolites and reactions

Inhibitory and activating direct interactions were obtained directly from Ecocyc. Only the set 

of reactions and metabolites represented in the section 2.3.1.1 (chapter 2) were considered. 
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regulatory molecule and TrpR is the transcription 

factor (TF) involved. Sizes of the regulatory 

networks are also shown. (B) Representation of the 

complexity of regulation in E. coli metabolic 

network. Molecules are represented as dots and 

reactions by arrows.
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Interactions marked as ‘competitive’ were ignored.

3.3.5 Indirect regulatory interactions between metabolites and TFs

In order to build this dataset, we used TF-metabolite binding information from Ecocyc. Only 

those metabolites validated as described in 2.3.1.1 were included. Using Ecocyc, we mapped 

reactions to the corresponding enzyme genes. We then integrated TF-gene regulatory 

interaction data from RegulonDB to derive a TF-reaction regulatory network. A TF was 

considered to regulate a reaction if it was known to regulate at  least one of the enzyme genes 

corresponding to that reaction. Then, by using the TF-metabolite binding information, we 

obtained the metabolite-reaction regulatory network.

3.3.6 Metabolite classification

We used Ecocyc annotations to associate each reaction and metabolite with a pathway(s). 

Then we classified metabolites into those that were present in the beginning or end of 

pathways and those that were present elsewhere as pathway  intermediates. In order to build 

this classification we first built adjacent reaction networks for each pathway. Precursor 

metabolites for each pathway were defined as those which are reactant to the first reaction of 

the pathway and not produced by any other reaction from within the pathway. In a similar 

fashion, pathway end-products were also defined: these are products of the last reaction in the 

pathway and not consumed by any  other reaction from the pathway. All other metabolites 

were called pathway  intermediates. For example, glucose-6-phosphate and pyruvate are the 

precursor and end-product of glycolysis respectively. It  is to be noted that such classification 

is not possible for cyclic pathways and hence these pathways do not comprise any precursors 

or end-products. This classification was used in our investigation of catabolic and anabolic 

reactions.

3.3.7 Within-pathway interactions

Within pathway regulatory interactions were those between a reactant  and a metabolite that 

had been mapped to at least one common Ecocyc pathway. In indirect regulation, control by 

CRP-cAMP is ignored as it is likely  to be a case of second-messenger control by  cAMP than 

metabolite feedback. This was done since in such second-messenger signalling systems, there 
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is apriori no obvious direct link between the messenger molecule and the regulatory target. 

However, it is important to note that  inclusion of CRP in this part of the study would not have 

an effect on the import of our results.
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3.4. Results

3.4.1. Dataset

We assembled a network of known regulatory interactions from metabolites to target enzymes 

using three different data types from the EcoCyc and RegulonDB databases. The metabolic 

system comprises 628 small molecules and 788 enzymatic reactions, 614 of which are 

distributed across 158 pathways. To this, we overlaid a direct regulatory network comprising 

359 interactions between 149 small molecules and 186 reactions, and (ii) an indirect 

regulatory network of 531 transcriptional interactions involving 39 small molecules, 71 small-

molecule-binding TFs and 309 target enzymatic reactions. The 71 TFs in our dataset include 

31 TFs without a known partner metabolite (but with known target genes); these were 

included as their protein domain compositions indicate small-molecule binding. Where the 

identity  of the regulatory small molecule is essential for analysis we use a subset of the above 

indirect regulation network comprising 39 small molecules, 40 TFs (which are known to bind 

to at least one of these 39 small molecules), 200 reactions and 249 regulatory  interactions 

between small molecules and target reactions. Here, a complete indirect interaction involves 

the cumulative effect of the interactions between (a) small molecule and the TF, and (b) TF 

and the enzyme gene. For example, if a small molecule represses the activity  of a TF that 

would otherwise repress the expression of a target gene, the cumulative effect of the small 

molecule on the target gene is activation.

3.4.2. Integrated regulatory system is a genome-scale network

Figure 3.1B illustrates the complexity of the resultant network. The importance of feedback 

regulation in metabolism was originally explored using techniques such as Metabolic Control 

Analysis, which analysed the detailed effects of allosteric interactions on small numbers of 

pathways. More recent functional genomic studies have assessed the transcriptional regulation 

of the yeast and E. coli metabolic systems (Covert et al. 2004; Covert and Palsson 2002; 

Ihmels et al. 2004; Kharchenko et al. 2005; Notebaart  et al. 2008; Seshasayee et al. 2009), 

but excluded direct  regulation. A solitary study investigated the chemical structures of small 

molecules involved in direct feedback while ignoring indirect regulation (Gutteridge et al. 

2007). Therefore, the network in Figure 3.1B represents the first integrated genomic view of 

two major and complementary types of metabolic regulation for any organism.
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The immediate striking feature of the regulatory network is its scale. It  covers over 80% of 

metabolic pathways: 168 small molecules (27%; 180-190 or >30% assuming metabolite 

assignments for the 31 TFs not including this information in our dataset; probably  more given 

a complete transcriptional regulatory network) feedback to 403 enzymatic reactions (51%) via 

878 regulatory  interactions. In contrast, analyses based on just one regulatory mechanism 

would extend to over only  24-39% of reactions, thus substantially  reducing the coverage of 

the system. 

3.4.3. Activation and repression

Direct regulation is overwhelmingly repressive: 279 (78%) interactions are negative and the 

remaining 80 (22%) are positive. Indirect regulation on the other hand, is preferentially 

activating though not to the same extreme: 136 (63%) interactions are positive and 80 (37%) 

are negative. The effects of the remaining interactions are ambiguous because of the dual 

effects of small molecules and TFs on their targets.

3.4.4. Within- and cross-pathway feedback

A common assumption is that feedback interactions largely occur within a pathway, whereby 

a proportion of metabolites is utilised to control upstream reactions. In fact, just 47% of 

regulatory interactions do so (142 direct and 104 indirect; Figure 3.2, which shows all key 

data referred to below). The majority of interactions involve metabolites from one pathway 

targeting reactions from another pathway, forming a tightly integrated system of reactions that 

are controlled by metabolites from apparently disconnected locations of the network. 

In the indirect network, these interactions are mediated by three global TFs that amplify  the 

regulatory effect disproportionately. Thus, leucine binds Lrp to control amino acid-synthesis, 

hypoxanthine and PurR regulate nucleotide metabolism, and fructose-1-phosphate and FruR 

direct carbohydrate consumption. Removal of Lrp, PurR and FruR from the dataset 

dramatically decreases the proportion of cross-pathway feedback (from 53% to 32% of the 

indirect network); however a similar effect is not apparent in the direct regulatory network. 
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In the direct network, there are groups of structurally related small molecules that control the 

same reaction, as proposed in an earlier study (Gutteridge et al. 2007). Examples include the 

direct regulation of guanosine kinase by numerous nucleotides and ribose nucleosides, and the 

inhibition of histidinal dehydrogenase by formaldehyde and pyridoxal phosphate. Yet another 

situation is regulation of a reaction from one pathway by a metabolite from an immediately 

connected pathway. An example is the regulation of glucose-1-phosphate adenylyl transferase 

in glycogen biosynthesis by components of glycolysis; this ensures that excess glycolytic 

intermediates activate glycogen synthesis which runs in a direction that is opposite to that of 

glycolysis. Further, there is an enrichment of activating direct regulation among across-

pathway interactions (48 activating to 125 repressive), when compared with within-pathway 

interactions (20 positive against 123 negative; PF = 2.1 x 10-3, F for Fisher test). Though, in 

terms of absolute numbers, negative regulation is dominant, this suggests that a larger-than-
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Figure 3.2. Direct and indirect regulation of E.coli metabolism. (A) Bow-tie architecture of the E. 

coli metabolic cystem. The top half represents catabolism and the bottom half anabolism. The two are 

connected by central and energy metabolic pathways. Dots represent molecules and lines reactions. 

Large circles indicate small molecules that  feed back through one of the two mechanisms. Magenta 

stands for direct  regulation and cyan for indirect regulation. Green represents regulation by both 

mechanisms. (B) Comparison of direct  and indirect  regulation based on key parameters discussed in 

the text. In the network representations, only reactions known to be regulated by the particular 

mechanism concerned are coloured. All other reactions are in grey.



expected subset of cross-pathway interactions might activate alternative pathways instead of 

shutting down the immediate pathway.  

Thus, cross-pathway feedback is largely  mediated by regulatory hubs in the indirect network 

(i.e., by global TFs that  target many  genes) or, to some extent, by target hubs in the direct 

network (i.e., by enzymes that are targeted by many similar molecules). 

3.4.5. Direct feedback is more specific than indirect feedback

To assess the specificity of direct and indirect  regulation, we compare their “out-degree” (kout) 

distributions by counting the number of reactions affected per small molecule (Figure 3.2B). 

Direct regulation is highly  specific, with most  metabolites targeting a single reaction within a 

pathway (<kout> = 1.2). For indirect regulation, TFs amplify  the effect of each molecule and 

target five times as many reactions (<kout> = 5.1; PW = 5.7 x 10-7, W for Wilcoxon test; 

Appendix 3.1). 

In the indirect regulatory  network, most metabolites target reactions from the same pathway 

and a majority of molecules (61%) regulate a pathway in its entirety. This co-ordinate control 

is clearly aided by the presence of operons in bacterial genomes; however previous genome-

scale observations of co-regulated pathways in S. cerevisiae (Ihmels et al. 2004) suggest that 

this is a general property of transcriptional regulation applicable to eukaryotes as well. 

3.4.6. Direct feedback preferentially regulates decision-making junctions

Given that direct feedback is highly specific for a single reaction, we examine whether there 

is preferential regulation of particular types of enzymatic reactions within the entire pathway 

(Figure 3.2B). The metabolic network is branched, containing linear segments of sequential 

reactions interrupted by many pathway  junctions (see Figure 2.3 in the preceding chapter). 

Reactions can be grouped into two categories based on their local topology: those leading out 

of divergent junctions are decision-making as the metabolic flux is dependent on a choice of 

one reaction over others; all other reactions are non-decision-making as the flux can flow only 

in one direction (Seshasayee et al. 2009). 
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We asked if direct and indirect regulation show any preference for regulating divergent or 

non-divergent reactions. Of all reactions regulated directly, 134 are divergent reactions and 52 

are non-divergent reactions. This represents a statistically  significant enrichment (PF = 2.1 x 

10-4). However, indirect regulation, represented here by  the expanded network, regulates 175 

divergent and 134 non-divergent reactions, and shows no preference (PF = 4.2 x 10-1). 

Since decision reactions are those whose activity would commit metabolic flux along specific 

paths, the choice of such reactions for direct regulation would ensure rapid switching of 

pathways in response to the availability  of downstream small-molecules. A particular text-

book example is the extensive allosteric control of phosphofructokinase, which commits 

metabolite flow to glycolysis. That indirect regulation shows no such preference is consistent 

with its ability to coordinately regulate entire pathways.

3.4.7. Direct and indirect feedback are deployed differently throughout the 

metabolic system

The traditional view of metabolic regulation – as exemplified by  the tryptophan biosynthetic 

pathway (Figure 3.1A) – is that most pathways and reactions should operate under dual direct 

and indirect control. In fact, we show that bacteria deploy the two regulatory mechanisms in 

considerably different ways throughout the metabolic system. 

The topology  of the metabolic network can be approximated to an hourglass structure (Figure 

3.2). At the top, catabolic pathways funnel a diverse array of imported molecules towards the 

centre of the system, by breaking them down into one of a few central / core metabolites (168 

reactions can be uniquely assigned as catabolic). In the middle, central metabolic pathways 

(53 reactions) including glycolysis and the TCA cycle process these assimilated nutrients to 

generate energy. In the bottom half, anabolic pathways (370 reactions) utilise the core 

molecules to synthesise the entire catalogue of metabolites required by the cell. There are also 

some shortcuts between the two ends of the network so that certain imported molecules can 

be used instantly as otherwise-anabolic products (not shown).

Indirect regulation dominates catabolic pathways: 124 reactions are controlled by TFs, 

compared with just 40 reactions for allosteric interactions (PF = 1.3 x 10-5). Only 8 catabolic 
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reactions are controlled exclusively by direct  regulation. Rather than feedback a proportion of 

products to control upstream reactions, most regulatory  molecules feed-forward from the 

beginning of pathways to control downstream reactions. Moreover, the feed-forward is 

overwhelmingly  positive, with 92% of regulatory interactions activating enzyme expression 

in response to increased metabolite concentration. Of the 40 catabolic reactions with allosteric 

regulation, only  14 are regulated by a metabolite from the same pathway via 16 interactions. 

Of these, most are substrate inhibition at potentially high concentrations and hence may not 

be regulatory  per-se (Appendix 3.2). However, physiologically  relevant roles of direct 

regulation in promoting catabolism cannot be entirely ruled out. For example, limiting 

concentration of the enzyme glucosamine 6-phosphate deaminase is balanced by allosteric 

activation by the upstream metabolite N-acetyl-D-glucosamine-6-phosphate (Alvarez-Anorve 

et al. 2005).

In dramatic contrast, anabolic pathways are targeted by  both direct (111 reactions) and 

indirect (133 reactions) interactions. Here, regulatory molecules largely originate at the 

bottom of pathways and feed back to earlier reactions. The regulatory signal is mostly 

negative, with 84% of direct and 78% of indirect interactions repressing enzyme activity and 

expression. 

Part of within-pathway direct  regulation of anabolic reactions is due to metabolites that are 

pathway intermediates; this is largely unique to direct regulation. Half of these are substrate 

or product inhibition (Appendix 3.3) and again, may not be regulatory. On the other hand, 

more than two-thirds of within-pathway direct regulation of anabolic reactions by pathway 

end-products are from distal metabolites that  are not products of the regulated reactions 

(Appendix 3.4). Several other interactions due to pathway intermediates are interesting in that 

they  operate from one branch to another within complex pathways. A relevant example is the 

direct activation of carbamoyl phosphate synthase by ornithine in the arginine biosynthesis 

pathway. Carbamoyl phosphate is produced by this enzyme from glutamine and bicarbonate. 

Glutamine is a critical small molecule that is used up downstream by a large number of 

reactions. Ornithine, which is produced by a distinct arm of this pathway, combines with 

carbamoyl phosphate to produce citrulline. The activation of carbamoyl phosphate synthase 

by ornithine would ensure that glutamine is not unnecessarily consumed towards the 
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production of carbamoyl phosphate when ornithine, the other substrate to the subsequent 

reaction, is not available.

Divergent and non-divergent reactions, as would be expected from the bow-tie nature of the 

metabolic system, are differently distributed between catabolism and anabolism: catabolism 

has 75 divergent and 93 non-divergent reactions, compared with 227 and 141 for anabolism. 

This indicates an under-representation of divergent reactions in catabolism and provides a 

physical restraint for direct regulation in controlling catabolism. 

3.4.8. Multi-layer regulation of enzymes consuming core metabolites for 

anabolism and essentiality of non-transcriptionally regulated enzymes

Of the 15 represented anabolic reactions that directly consume precursor central small-

molecules, 11 are regulated both directly  and indirectly (PF = 7.2 x 10-6; Appendix 3.5). Direct 

regulation of such reactions is important because it would rapidly  prevent consumption of 

crucial central small molecules when unnecessary. Indirect regulation of these reactions might 

be a fool-proof method that prevents leaky activity  of these reactions, particularly when the 
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Figure 3.3. Multilayered regulation of metabolism. (A) Number of reactions connected upstream 

and downstream of those regulated by both (red) and either (grey) mechanism(s). (B) Number of ORFs 

representing essential (black) and non-essential enzymes (grey) among those regulated by one or both 

mechanisms. Also shown are the percentages of essential reactions (blue) within each of the three 

groups of reactions.
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enzymes are expressed at very high levels. In general, reactions regulated by both 

mechanisms are connected to more reactions in the metabolic network than those regulated by 

one of the two mechanisms (Figure 3.3A).

We were intrigued by  the observation that there is a set of reactions regulated directly  but not 

indirectly, particularly in anabolism, because of the supposition that transcriptional regulation 

is ubiquitous in metabolism. We asked if these reactions were distinguished by some property. 

We find that there is a 76% increase (30% vs. 17%) in the percentage of essential genes 

among those that are not regulated indirectly  over those that are (PF = 6.0 x 10-3). An example 

is the enzyme KdtA (WaaA) that  codes for a KDO transferase involved in the biosynthesis of 

the LPS Lipid A. This suggests that  these essential genes need to be expressed at all times and 

require little signal-dependent transcriptional regulation. Genes are known, at least in yeast, 

that are transcriptionally  unregulated, and whose engineered transcriptional regulation could 

lead to severe growth defects (Krappmann et al. 2000).

3.4.9. The environment

Finally, we wanted to study the origins of regulatory  small molecules and test for any 

differences between direct  and indirect regulation. In order to do this, we first classified small 

molecules as external, internal and hybrid. External small molecules are those which are not 

produced in the cell and are only available on transport. Internal small molecules are 

produced in the cell by metabolic reactions and do not have any known transporters. Hybrid 

small molecules are those which may be produced in the cell as well as transported. This 

approach is similar to that adopted by  Martinez-Antonio and colleagues (Martinez-Antonio et 

al. 2006). We were able to classify 544 (86%) small-molecules into one of these groups. 

Internal small-molecules dominate the metabolic system, accounting for 458 (84%) of all 

classifiable small-molecules. 22 (4%) small-molecules are external and 64 (12%) are hybrid.

Direct regulation is enriched for hybrid small-molecules (39; 28% against 12% overall; PF = 

4.2 x 10-10) and statistically under-represented for internal small-molecules (94; 67% against 

84% overall; PF = 1.4 x 10-8). On the other hand, indirect regulation is strongly enriched for 

both kinds of transported small-molecules, external (9; 26% vs. 4% overall; PF = 4.1 x 10-6) 

and hybrid (13; 38% vs. 12% overall; PF = 4.9 x 10-5). Thus, compared with direct regulation, 
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indirect regulation is strongly  enriched for external small-molecules (PF = 1.0 x 10-3) and 

under-represented for internal small-molecules (PF = 1.8 x 10-3). Further, the fact that two 

internal metabolites involved in indirect regulation, hypoxanthine and Fructose-1,6-

bisphosphate, bind general and not specific TFs, suggests that specific indirect regulation is 

driven by transported small-molecules or by the medium. This is also in agreement with 

earlier studies that suggested that transcription factors that sense internal signals tend to have 

global effects on transcription in E. coli (Martinez-Antonio et al. 2006). 

Most catabolic pathways assimilate a transported metabolite (21 pathways assimilating 

transported vs. 13 pathways utilising internal metabolites). This provides a physical reason for 

the enrichment of indirect regulation among catabolic reactions. Functionally, nutrients are 

not always available in the medium and it would be wasteful to produce catabolic enzymes at 

all times. However, their availability  would immediately  trigger the synthesis of appropriate 

enzymes via transcriptional activation.

A majority of anabolic pathways ultimately  produce internal metabolites (‘internal’ pathways; 

41 internal to 23 ‘hybrid’ pathways that ultimately produce hybrid metabolites). In fact, both 

direct and indirect  regulation are under-represented in ‘internal’ anabolic pathways (66% of 

reactions from ‘hybrid’ pathways are regulated, compared with 42% for ‘internal’ pathways; 

PF = 7.4 x 10-5). That transcriptional regulation favours regulation of ‘hybrid’ pathways is 

further supported by microarray data, which is less biased than literature-derived information: 

anabolic enzymes involved in ‘internal’ pathways show smaller variation in expression levels 

across 221 Affymetrix arrays (Faith et al. 2007) than those involved in ‘hybrid’ pathways (PW 

= 4.6 x 10-8). This could be because of the following reason. Some internal small-molecules 

may need to be produced at most times and hence the enzymes involved in these pathways 

would have to be almost always active; metabolic activity of the enzyme concerned and the 

usage patterns of these end-products might ensure that regulation is not required. On the other 

hand, when an anabolic product is richly available in the medium, it becomes beneficial to 

shut down transcription of the biosynthetic genes following rapid reduction of enzymatic 

activity by direct regulation. 
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3.5. Discussion and Conclusions

Over a fourth of all genes in the E. coli K12 MG1655 genome are metabolic enzymes. And 

tight regulation of even a single pathway offers a fitness benefit to the cell (Dekel and Alon, 

2005). The two mechanisms of metabolic regulation studied in this work are rather well-

characterised at  the level of individual proteins and metabolites. Further, recent research has 

gone into investigating transcriptional regulation of metabolic reactions or into direct 

regulation of enzymes by metabolites at a global level (Ihmels et al. 2004; Kharchenko et al. 

2005; Notebaart et al. 2008; Seshasayee et al. 2009; Gutteridge et al. 2007). In addition, 

quantitative systems biology approaches have led to high-resolution, but  smaller scale 

experiments analysing the effects of various regulatory circuits on regulation of metabolic 

reactions and pathways (Alon 2007). However, to our knowledge, no work has studied in 

concert, the two modes by which small molecules regulate metabolic reactions on a global 

scale. We have presented such a study. By considering the two mechanisms together we 

achieve an extensive coverage of the control of E. coli metabolism. We delineate design 

principles that operate in each of the two regulatory mechanisms thus efficiently regulating 

metabolic reactions. Such an understanding is important since both regulatory modes, given 

their differences, have been selected for during evolution.

We demonstrate that a reaction need not necessarily  be controlled by metabolites belonging to 

the same pathway. This indicates that study of the metabolic system as a whole, or as 

segments larger than individual pathways, might be more instructive than studies of 

individual pathways. The evolutionary significance of this is not clear as we do not see any 

co-evolution of enzymes generating the regulatory metabolite and that which is regulated (not 

shown).

There is a marked difference in the number of reactions regulated by every metabolite via one 

or the other mechanism. Small molecule - protein interaction is largely one-to-one, 

irrespective of whether it  is with a TF or an enzyme. However, in the transcriptional 

regulatory network, the TF amplifies the effect and, aided by operon organisation, targets 

entire pathways. Further, direct regulation particularly targets decision-making divergent 

reactions in the metabolic network. This is reasonable. Direct regulation is designed for rapid 

shutdown of pathways in response to availability of specific small-molecules. In order to 
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achieve this, each small-molecule has to target a single reaction in order to affect the activity 

of all downstream reactions. By targeting divergent reactions in the metabolic network, direct 

regulation exerts its control at points that  would commit metabolic flux along a particular 

path. However, a similar trend in indirect regulation would not be beneficial. Since indirect 

regulation is meant to minimise the cost of protein production, it has to ensure that  specific 

proteins are produced only  when needed. This would necessitate coordinated regulation of 

entire pathways.

Direct and indirect regulation are deployed differently  in different portions of the metabolic 

network. Catabolic pathways need to be activated immediately following the availability of a 

nutrient small molecule and this is achieved by  transcriptionally activating the corresponding 

enzymes. Direct regulation is extensively documented within the central metabolic pathways 

that are the endpoints of catabolic pathways. Within the catabolic framework, direct 

regulation of central metabolism might be sufficient to ensure energy homeostasis. On the 

other hand, direct regulation is prevalent, alongside transcriptional regulation, in anabolism. 

Control of divergent reactions, which are most prevalent in anabolism, would enable rapid 

shutdown of certain paths making the upstream metabolite available for processing along 

other branches if necessary. Extensive control of reactions that lead into anabolism by 

consuming central metabolites prevents unnecessary consumption of otherwise-useful central 

metabolites for anabolism. 

Finally, specific transcription regulation is driven by the environment, by metabolites that can 

be transported into the cell from the surrounding medium. Internal metabolites lead to less-

specific global regulation (Martinez-Antonio et al. 2006). Pathways producing internal 

metabolites show less specific regulation, probably because these end-products need to be 

produced at constant levels throughout growth. Finally, we observe an enrichment of essential 

genes among those that are not transcriptionally controlled, but regulated directly. These 

systems would require further experimental study. However, it is worth speculating that 

transcriptional regulation of these interesting reactions might be detrimental to growth and 

viability (Krappmann et al. 2000). Further, mutations specifically targeting either of the 

mechanisms, as achieved earlier by tuning the transcriptional regulatory circuitry of the lac 
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operon (Dekel and Alon, 2005), would enable a systematic assessment of the role of these in 

optimal growth of the bacterium.

We note that  we have not included post-transcriptional mechanisms of gene expression 

control in our study. Control by attenuation has been recorded for amino acid-biosynthetic 

operons and could be considered as part  of our indirect regulatory network (Yanofsky, 1981). 

Riboswitches, another example of indirect regulation, play roles particularly in control of 

amino acid, cofactor and nucleotide biosynthesis (Henkin et al. 2008). Post-translational 

control of metabolic enzymes via phosphorylation has been documented for central metabolic 

and nucleotide biosynthesis pathways (Macek et al. 2008), but is not studied here. Our study 

focuses exclusively on two common control mechanisms that involve small molecule binding 

to proteins (TFs and enzymes). We anticipate that the RNA / phosphorylation-based 

regulatory mechanisms would not affect the general principles of transcriptional and post-

translational control outlined in this work.
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4.1. Theme

Chapter 4: Comparative genomics of cyclic-di-GMP signalling

95

DNA

RNA

proteins

metabolism

development / 

complex lifestyles

small molecules

second 

messenger

TFs

Chapter 4

Comparative genomics of cyclic-di-GMP signalling:

phylogenetic distribution, regulation and activity

A newly discovered, but important and complex, regulatory mechanism that is ubiquitous in 

bacteria is cyclic-di-GMP signalling. This represents an example of the widely prevalent 

cyclic nucleotide signalling. This chapter examines the phylogenetic distribution, regulation 

and catalytic activity of enzymes involved in the turnover of this small-molecule second-

messenger.

This work, when published in an international peer-reviewed journal, will have the following 

authors:
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4.2. Introduction

Cyclic nucleotides are important signalling molecules. The most familiar are cyclic adenosine 

monophosphate (cAMP) and cyclic guanosine monophosphate (cGMP): both consist of a 

single nucleotide in which the phosphate group is bonded to two of the sugar's hydroxyl 

groups, thus forming a ring structure. In bacteria, cAMP mediates carbon utilisation by 

binding to the transcription factor cAMP receptor protein (CRP), which in turn up-regulates 

catabolic pathways metabolising non-glucose sugars (Wayne and Rosen 1974). In eukaryotes, 

the same molecule controls multiple cellular processes including sugar and lipid metabolism 

via the activation of cAMP-dependent protein kinases (PKA), and ion channel function 

(Cesare and Sassone-Corsi 2000; Daniel et al. 1998; Nanchen et al. 2008; Park and Kim 

1993; Satriano and Schlondorff 1994; Yin et al. 1995). cGMP affects a similarly wide range 

of eukaryotic cellular functions including glycogenolysis, ion channel conductance and 

cellular apoptosis, and many of its activities are mediated by specific kinases (PKG) (Dizhoor 

2000; Kalujnaia et al. 2008; Kleppisch and Feil 2009; Lipton 1983). Among prokaryotes, 

cGMP has so far only been identified in cyanobacteria, where it is used to mediate 

photosynthesis (Cadoret et al. 2005). 

In contrast to the well-established functions of mononucleotides above, cyclic-di-nucleotides 

– containing two bases in a ring structure – have only  recently gained prominence as major 

prokaryotic signalling molecules. Highlighting this is cyclic-di-adenosine monophosphate (c-

di-AMP), which was discovered just last year as a key regulator of DNA damage response in 

Bacillus subtilis (Romling 2008; Witte et al. 2008). However the widespread occurrence of 

the enzyme that synthesises the molecule suggests that it is utilised across many bacterial and 

archaeal species. 

Cyclic-di-guanosine monophosphate (c-di-GMP) – the focus of the current Analysis – was 

identified in 1987 as an allosteric activator of cellulose synthase in the fruit-decomposing 

bacteria Gluconacetobacter xylinus (formerly  Acetobacter xylinus) and Agrobacterium 

tumafaciens (Amikam and Benziman 1989; Ross et al. 1987). Since then the molecule has 

gained importance as a key  regulator for a broad range of complex cellular functions, most 

notably the switch between motility  and sessility  (Jenal and Malone 2006) (Figure 4.1). At 

high levels, c-di-GMP promotes exopolysaccharide production and surface adhesion, 
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eventually  leading to biofilm formation. 

Conversely, low c-di-GMP concentrations 

results in flagella expression and cellular 

motility. Additionally, c-di-GMP directs 

pro te in loca l i sa t ion , necessary  for 

Caulobacter cell division and differentiation, 

and there is substantial evidence for a role in 

pathogenesis in organisms such as Vibrio 

cholerae and Pseudomonas aeruginosa 

(Cotter and Stibitz 2007; Hammer and 

Bassler 2009; Kulasakara et al. 2006; Pratt et al. 2007; Tamayo et al. 2007; Tischler and 

Camilli 2004; Tischler et al. 2002). Beyond these core functions, c-di-GMP signalling has 

been linked to control of survival under nutrient limitation in Mycobacteria (Kumar and 

Chatterji 2008), and there is a suggested role in inter-bacterial communication although this is 

yet to be established (Camilli and Bassler 2006). Outside its physiological realm, c-di-GMP 

has been proposed as a potential anti-cancer therapeutic because of the ability to modulate the 

activity of the Ras oncoprotein (Amikam et al. 1995; Steinberger et al. 1999). Despite the 

importance of c-di-GMP in all of these processes, the precise mechanism for the molecule's 

involvement is not clearly understood at present.

Cyclic-di-GMP turnover is mediated by two enzymatic domains: GGDEF encodes for 

diguanylate cyclase activity  that converts two molecules of GTP to c-di-GMP, and EAL 

provides phosphodiesterase activity  that hydrolyses c-di-GMP to pGpG (Tal et al. 1998) 

(Figure 4.1). Throughout this Analysis, we will collectively refer to proteins containing these 

domains as 'c-di-GMP proteins'. A newly described, but rarer HD-GYP domain hydrolyses c-

di-GMP to GMP (Ryan et al. 2006b; Slater et al. 2000); these are excluded from the current 

study, as the domain is not defined well enough to be able to identify consistently using 

existing simple search methods. The most simple c-di-GMP proteins contain either the 

GGDEF or EAL domain, and catalyse the corresponding reaction. However, in what has been 

termed a biochemical conundrum (Ryan et al. 2006a), there are also many 'hybrid' proteins 

with both GGDEF and EAL domains. Early investigations identified hybrid proteins in which 

only one of the domains was catalytically active, strongly suggesting that the other domain 
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had acquired a non-enzymatic function. But a recent study in Mycobacterium smegmatis 

complicated matters by revealing a hybrid protein that retained both enzymatic functions 

(Kumar and Chatterji 2008). 

Since its discovery in Gluconacetobacter xylinus, c-di-GMP signalling has been best studied 

in Caulobacter crescentus (Aldridge et al. 2003; Chan et al. 2004; Christen et al. 2005; 

Duerig et al. 2009; Paul et al. 2007; Paul et al. 2004; Wassmann et al. 2007), Pseudomonas 

aeruginosa (Hickman et al. 2005; Huang et al. 2003; Kazmierczak et al. 2006; Kulasakara et 

al. 2006; Rao et al. 2008), and Vibrio cholerae (Benach et al. 2007; Hammer and Bassler 

2009; Lee et al. 1998; Pratt et al. 2007; Tischler and Camilli 2004; Tischler et al. 2002). An 

initial computational survey of signalling proteins in 30 completely sequenced prokaryotic 

genomes showed that c-di-GMP proteins are ubiquitous in bacteria, but absent from archaea 

(Galperin et al. 2001). In general, genomes were found to encode several copies of c-di-GMP 
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Protein name Organism Domain 

architecture

Function Comments Key Reference

GGDEF proteins

EAL proteins

Hybrid proteins

PleD Caulobacter crescentus Pole development Extensively studied. Structures of complex with c-

di-GMP and GTP analog available.

Aldridge et al. 2003

WspR Pseudomonas aeruginosa / 

Pseudomonas fluorescens

Attachment to surface Extensively studied. Detailed study of variations 

within the GGD/EEF active site demonstrated lack 

of activity of all variants.

Hickman et al. 2005

YdaM Escherichia coli Activation of curli operons 

and role in biofilm 

formation         

Weber et al. 2006

PdpA Caulobacter crescentus Cell division Has degenerate active site and is therefore 

enzymatically inactive. An intact allosteric site is 

required for function.

Jenal and Malone 2006

Rrp1 Borrelia burgdorferi Expression of Lipoprotein 

and virulence-associated 

factors

Ryjenkov et al. 2005

AdrA Salmonella typhimurium Inhibition of swimming and 

swarming motility

Garcia et al. 2004

HmsT Yersinia pestis Activation of biofilm 

formation. Temperature-

dependent activity

Perry et al. 2004

RocR Pseudomonas aeruginosa Repression of biofilm 

formation; regulation of 

virulence

EAL domain active site residues characterised here. Rao et al. 2008

VieA Vibrio cholerae Repression of Biofilm 

formation; activation of 

motility; repression of 

virulence

Tischler et al. 2004

YhjH Salmonella typhimurium Activation of swimming 

and swarming motility

Frye et al. 2006

SadR Pseudomonas aeruginosa Repression of biofilm 

formation
Kukavica-Ibrulj et al. 2008

Dgc1 Gluconacetobacter xylinus Activation of cellulose 

biosynthesis

Has GGDEF or cyclase activity. First diguanylate 

cyclase to be characterised. Genome sequence not 

available.

Tal et al. 1998

PdeA Gluconacetobacter xylinus Repression of cellulose 

biosynthesis

Has EAL or hydrolase activity. First c-di-GMP 

phosphodiesterase to be characterised. Genome 

sequence not available.

Tal et al. 1998

CC3396 Caulobacter crescentus Has EAL or cyclase activity. Inactive GGDEF domain 

which can still activate the downstream EAL domain 

in response to GTP.

Christen et al. 2005

YciR Escherichia coli Repression of curli 

operons

Has EAL  or hydrolase activity. Weber et al. 2006

FimX Pseudomonas aeruginosa Twitching motility Has  EAL or hydrolase activity. Stimulated by GTP, Kazmierczak et al. 2006

HmsP Yersinia pestis Repression of biofilm 

formation

Has EAL or hydrolase activity. Bobrov et al. 2005

         GGDEF              EAL              REC              PAS              HAMP              MASE2                Sigma70 R4              TM region

             Table 4.1. Examples of well-characterised c-di-GMP proteins.



proteins, with Vibrio species containing up  to 100 enzymes. This is in striking contrast to 

enzymes that synthesise other cyclic nucleotides such as cAMP and c-di-AMP, which are 

present as single copies in most organisms. Given that GGDEF and EAL domain proteins are 

biochemically involved only in c-di-GMP turnover, it is intriguing that organisms should 

require duplicates of the same enzyme. It  is likely that the activity  of these proteins is tightly 

regulated in order to avoid interference between distinct c-di-GMP systems. In support of this 

view, many c-di-GMP proteins possess additional input  domains that  convert post-

translational signals into catalytic activity (Galperin et al. 2001). 

Numerous molecular studies have revealed significant insights into the detailed roles of c-di-

GMP signalling in specific systems. However, despite the wide-spread occurrence and 

importance of these proteins to the bacterial life-cycle as a whole, we still lack a 

comprehensive assessment of the phylogenetic distribution of GGDEF and EAL domains 

across prokaryotes. Further, though we appreciate that the activity of distinct c-di-GMP 

systems must be spatially and temporally controlled in order to minimise cross-talk, we know 

little of how this is achieved. Finally, although hybrid proteins are commonplace, to our 

knowledge, fewer than 10 have been characterised and their contribution to c-di-GMP 

turnover remains unclear. The large number of c-di-GMP proteins means that most of them 

cannot be investigated in detail. The strength of a genome-scale study lies in the ability to 

uncover common principles that  apply across c-di-GMP signalling as a whole; individual 

systems can then be examined in the context  of such information in order to highlight unique 

features. Moreover, initial descriptions provided by a genomic investigation can provide 

short-lists of candidate proteins for future biochemical characterisation. Therefore, a 

computational analysis ideally complements ongoing molecular investigations.

In order to conduct this Analysis, first we identified genes encoding for c-di-GMP proteins 

across 381 fully  sequenced prokaryotic genomes. For this we used standard sequence searches 

against appropriate domains in the PFAM  database. We then integrate phenotypic and 

phylogenetic information in order to understand the distribution of c-di-GMP proteins across 

the prokaryotic space. Using functional genomic data such as DNA microarray-based gene 

expression measurements, and further sequence analysis, such as identification of localisation 

signals and additional domains, we make inferences on the regulation of c-di-GMP proteins. 
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Finally, using multiple sequence alignments we look for conservation of catalytic and 

allosteric site residues leading to inferences on the activity of hybrid proteins. Our work 

contributes essential information for any microbiologist interested in c-di-GMP signalling, 

and the results provide several experimentally testable hypotheses. 
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4.3. Methods

4.3.1. Data sources

All genome sequences for 381 prokaryotic organisms were obtained from the KEGG database 

in October 2006 (http://www.genome.jp/kegg) (Kanehisa et al. 2008). Habitat, taxonomy and 

other phenotype information including pathogenicity, and motility  were obtained from NCBI 

microbial genomes database (http://www.ncbi.nlm.nih.gov/genomes/lproks.cgi). 

Gene Expression data covering 241 hybridisations was obtained from Many Microbes 

Microarray Database for E. coli (Faith et al. 2007). Transcription unit predictions were 

obtained from the work of Moreno-Hagelsieb and Collado-Vides (Moreno-Hagelsieb and 

Collado-Vides 2002). Histidine kinase – Response regulator interactions involving c-di-GMP 

proteins containing the response regulator domain were derived from the Bayesian predictions 

available in a database called TCS (Burger and van Nimwegen 2008).

4.3.2. Sequence analysis

Domain searches against PFAM were performed using programs from the HMMER suite 

(http://hmmer.janelia.org/) with an E-value cutoff of 0.05. Trans-membrane regions were 

identified using the TMHMM  (Krogh et al. 2001) server. Proteins with signal peptides were 

defined as those that have a positive call in either the HMM  or the Neural Network model in 

SignalP (Bendtsen et al. 2004). Two popular methods for identifying lipoproteins are DOLOP 

(Babu et al. 2006) and LipoP (Juncker et al. 2003). We used LipoP since it affords a higher 

coverage than DOLOP which uses stricter criteria.

Multiple sequence alignments for GGDEF / EAL domain sequences were carried out using 

Muscle 6.3 (Edgar 2004). These alignments were used to search for functional residues or 

motifs.

4.3.3. Statistical tests

Statistical comparison of distributions of c-di-GMP proteins between different groups of 

genomes was done using the non-parametric Mann-Whitney in R (http://r-project.org). 
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4.4. Results

4.4.1. Distribution of c-di-GMP proteins in 

prokaryotic genomes

4.4.1.1. General trends

We assembled a list of genes encoding for GGDEF 

and EAL domains across 381 prokaryotic genomes 

by performing Hidden Markov Model (HMM) 

sequence searches of the appropriate PFAM domains 

[PF00990 for GGDEF (Pei and Grishin 2001) and 

PF00563 for EAL (Galperin et al. 2001); Figure 

4.1]. In total, we identified 4,368 proteins in 255 

genomes (Figure 4.2A): 2,154 proteins contain only 

the GGDEF domain, 672 only the EAL domain and 

the remaining 1,542 both (Figure 4.2A). Genomes 

generally  encode more GGDEF-only proteins than 

EAL-only  ones (Figure 4.2B), suggesting that there 

is finer control of c-di-GMP synthesis of c-di-GMP 

(see below). E. coli K12 is among the few 

exceptions, coding for equal numbers of GGDEF-

only and EAL-only proteins. 

The number of c-di-GMP proteins varies across 

different organisms, and larger genomes tend to 

contain greater numbers of genes encoding for them. 

However in contrast  to other classes of regulatory 

proteins which increase quadratically with total 

gene numbers (Galperin 2005; Ulrich et al. 2005) 

(including transcription factors and histidine 

kinases), c-di-GMP-coding genes display  only 

weak correlation with genome size (Figure 4.2C). 

Instead, there is a bimodal distribution: organisms 
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Figure  4.2. Numbers of c-di-GMP 

proteins and their relationship with 

genome size. (A) Numbers and percentages 

of proteins across 381 prokaryotic genomes 

that contain GGDEF or EAL or both 

domains; (B) plot of the number off 

GGDEF-only v. EAL-only proteins per 

genome; (C) plot  of the number off c-di-

GMP proteins against  the total number of 

genes encoded in a genome.



with over 1,800 genes contain large numbers of c-di-GMP proteins with substantial variability 

among them, whereas those with small genomes contain few or none. The difference in 

distribution between c-di-GMP signalling and other regulatory  proteins could be explained by 

the types of cellular functions that they target. Transcription factors and histidine kinases 

influence the activity  of a broad range of gene functions, and therefore it is reasonable that 

their numbers scale proportionately with genome size in order to maintain similar levels of 

control. c-di-GMP proteins, instead, target a more limited set of complex cellular functions – 

such as differentiation – that arise only in certain organisms with relatively large genomes. 

Further, since these are advanced “accessory functions” which are not for basic survival 

across all bacteria, the number of associated genes does not necessarily scale with genome 

size. Therefore, the occurrence of c-di-GMP coding genes may depend on the presence or 

absence of complex processes in an organism rather than on the number of genes it contains. 

Instead, the number of these genes might depend on the number of signals that trigger the 

activation of these complex processes.

4.4.1.2. Organism characteristics and c-di-GMP protein expansions

Several bacterial species stand out as they  encode for an unusually large number of c-di-GMP 

genes. These include two strains of Vibrio vulnificus (Chen et al. 2003) (78 and 79 genes), 

followed by Hahella chejuensis (Jeong et al. 2005) (70), Colwellia psycherythraea (Methe et 

al. 2005) (66) and Pseudoalteromonas atlantica (63). These bacteria share common 

properties: they are Gamma Proteobacteria, very motile, and inhabit aquatic environments. 

Moreover in line with prior expectations of c-di-GMP function, they produce copious 

amounts of exopolysaccharide and are capable of forming biofilms. Given these similarities, 

we investigated whether there are general properties that characterise organisms with high c-

di-GMP count (Figure 4.3). 

To achieve this, we classified organisms using coarse-grained descriptions of their taxonomy, 

habitat and phenotypes obtained from the NCBI Microbial Genomes database. We then 

calculated the relative occurrences of c-di-GMP-coding genes in each genome (as a fraction 

of total gene count), and compared these proportions across the different  categories of 

organisms (see Appendix 4.1 for detailed results). 
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Among the taxonomic groups, c-di-GMP proteins are greatly expanded in Proteobacteria, but 

absent from Archaea and severely depleted in Firmicutes. Recent phylogenetic analysis 

proposed that all bacterial species probably evolved from Gram-positive Firmicutes 

(Ciccarelli et al. 2006; Koch 2003). That c-di-GMP-signalling proteins predominate in the 

evolutionarily newer Proteobacteria suggests that this form of signalling is a recent invention. 

In terms of habitat, host-associated bacteria tend to have few c-di-GMP proteins, which can 

be explained by  the stable environments that  they inhabit. This is in line with observations on 

other regulatory  proteins such as transcription factors. In contrast, species facing more 
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Figure 4.3. Organism types and c-di-GMP protein counts. (A) [right  panel] a phylogenetic tree, 

drawn using iTOL, representing the percentage of c-di-GMP proteins encoded in a genome; [left 

panel] zoom-in of the enterobacterial region, which is discussed in detail in the manuscript; (B) 

distributions of the percentages of c-di-GMP proteins in a genome across various taxonomic, habitat-

based and phenotypic groups of organisms. In A, the following colours are used: Blue - 

Proteobacteria; Green - Firmicutes; Red - Actinobacteria; Cyan - Cyanobacteria; Pink - Archaea; Grey 

- Other.



dynamic environments encode more c-di-GMP genes, presumably in order to sense and 

respond to extracellular changes through the appropriate signal transduction network. 

However, there is little statistically  significant difference between these non-host-associated 

groups. We note however, that the habitats are loosely  defined and contain a lot of diversity 

within each category, thus limiting the resolution of this analysis. 

The organism's phenotype is also a strong indicator for c-di-GMP gene content. Motile 

bacteria are enriched, confirming the signalling system's central role in controlling the switch 

between motile and sessile states (Jenal and Malone 2006). Pathogens are depleted for c-di-

GMP-coding genes, which is surprising given their documented role in controlling virulence. 

This is partly explained by  the fact that many such bacteria are also host-associated and 

probably  operate under a persistent pathogenic state; as a result c-di-GMP signalling is not 

required. In contrast, multiple-host-associated pathogens such as Yersinia pestis (Bobrov et al. 

2005) and Legionella pneumophila (Bruggemann et al. 2006) contain more c-di-GMP genes 

as they  must switch between pathogenic and non-pathogenic states as they traverse different 

types of hosts. 

4.4.1.3. Close look at c-di-GMP gene count in enterobacteria

Although the occurrence of c-di-GMP genes follows strong and statistically significant  trends, 

it is also worth examining how individual organisms can deviate from average behaviour. 

Therefore, we take a closer look at enterobacterial genomes comprising E. coli (Blattner et al. 

1997; Chen et al. 2006; Hayashi et al. 2001; Johnson et al. 2007; Perna et al. 2001), 

Salmonella (Deng et al. 2003; McClelland et al. 2004; McClelland et al. 2001; Parkhill et al. 

2001), Shigella (Jin et al. 2002; Nie et al. 2006; Yang et al. 2005), and Yersinia (Achtman et 

al. 1999; Chain et al. 2004; Chain et al. 2006) species. These are all Gamma Proteobacteria 

that are generally enriched for c-di-GMP genes; however as these examples show, there can 

be large individual variations in c-di-GMP content even among closely related bacteria 

(Figure 4.3). 

All E. coli strains have 27 or 28 c-di-GMP-coding genes – although their relative percentage 

occurrences vary because of substantial differences in the genome size of strains. In the non-

pathogenic E. coli K12, several c-di-GMP proteins respond to the stationary phase Sigma 
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factor to control curli biogenesis and surface adhesion. Of the 28 c-di-GMP proteins in E. coli 

K12, 23 have direct one-to-one orthologues in the six E. coli genomes in our dataset. This 

suggests that the signalling systems are well-conserved and that these proteins control 

processes that are common to both pathogenic and non-pathogenic E. coli. Similarly, 

Salmonella species do not display much difference, each coding 18 or 19 c-di-GMP proteins. 

In comparison, the non-motile Shigella – the closest relative of E. coli – show great variability 

in c-di-GMP content. S. dysenteriae and S. boydii encode 15 and 17 genes respectively, 

whereas S. sonnei has no identifiable c-di-GMP protein. Even within the single species of S. 

flexneri, serotype 5a has 19 c-di-GMP genes and two genomes of serotype 2a contain only 11 

and 13. Given that these species / strains are comparable in habitat and phenotype, it is 

surprising to see such large divergence. The possible contributions of these proteins to 

changes in the epidemicities between similar serotypes – for example within S. flexneri (Nie 

et al. 2006) – may be of interest for future investigations. 

Most Yersinia pestis strains contain eight  or nine c-di-GMP genes. Six of these are involved in 

the Hms system that mediates biofilm formation in fleas, an essential precursor for 

colonisation of this host. The proteins are less stable at higher temperatures, and are degraded 

upon entry into the human host (Bobrov et al. 2005; Perry et al. 2004). It   is possible that the 

elimination of c-di-GMP proteins in the Hms system triggers a pathogenic response by 

releasing the repression of virulence.  

Finally, the strictly host-associated endosymbionts such as the genus Buchnera (Moran 2002; 

Moran et al. 2008; Shigenobu et al. 2000; Tamas et al. 2002; van Ham et al. 2003) encode 

fewer than 1,000 genes in total, and contain no c-di-GMP proteins. However, the partial 

endosymbiont Sodalis glosinidius (Toh et al. 2006) – considered an evolutionary intermediate 

between mutualistic and free-living lifestyles – has two c-di-GMP proteins, both of which 

have lost their catalytic amino acid residues (see below).

4.4.2. Regulating c-di-GMP protein turnover and activity

Given that most genomes encode for multiple c-di-GMP proteins, it is important that they are 

carefully  regulated in order to avoid cross-talk between parallel systems. This control can be 
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achieved by  separating their enzymatic activities spatially  and temporally: the first is achieved 

by ensuring that distinct systems are activated under different conditions, either at the level of 

gene expression or by post-translational modifications; the second is accomplished by 

targeting proteins to specific locations within the cell. 

4.4.2.1. Transcriptional regulation of c-di-GMP proteins

A recent study in E. coli identified the global transcription factor H-NS and the stationary 

phase Sigma factor as regulators of at least six c-di-GMP genes (Weber et al. 2006). In Vibrio 

cholerae, the EAL-protein VieA also functions as a DNA-binding regulator, and auto-

regulates its own transcription (Lee et al. 1998). In general, however, there are few known 

regulators of c-di-GMP-gene expression and the manually curated RegulonDB database 

(version 5.0) for E. coli does not record any further factors. 

In the absence of such information, microarray  data can highlight the effects of transcriptional 

control on c-di-GMP genes. We analysed 241 Affymetrix GeneChip experiments for E. coli 

K12 (Faith et al. 2007) to examine how their expression levels fluctuate across different 

cellular conditions. Overall, the 27 c-di-GMP genes represented on the array vary by similar 

amounts as an average E. coli gene (median coefficient of variation of gene expression levels  

~0.06), indicating that transcriptional regulation provides an important level of control for c-

di-GMP signalling. 

There are several interesting conditions during which c-di-GMP genes display elevated 

expression (Figure 4.4A). Seven genes are specifically expressed in the stationary phase, 

augmenting the current list of stationary-phase dependent c-di-GMP proteins (Weber et al. 

2006), thus suggesting a role in regulation of stress response. Two genes (ycdT and yahA) are 

up-regulated under antibiotic treatment: although their precise roles during this condition are 

unknown, their gene products may represent viable drug targets to lower microbial resistance 

to antibiotics. 

Previous investigations have shown that genes displaying correlated expression across a large 

number of conditions tend to function in the same cellular processes. Many c-di-GMP genes 

are co-expressed with genes coding for other protein functions (24 out  of 27 c-di-GMP genes 
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display  correlated expression with at least one other gene). yhjH which is known to be 

involved in motility (Ko and Park 2000) clusters with 72 other genes including components of 

the flagella. Several c-di-GMP genes are co-expressed with large numbers of functionally 

uncharacterised E. coli genes, and these represent ideal targets for discovering novel 
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Figure 4.4. Regulation  of c-di-GMP proteins. (A) Matrix representing gene expression data for c-di-

GMP genes (each row representing a gene and each column a condition) in E. coli K12. Each cell 

represents the deviation in expression level for that  gene from its own median expression level. Red 

(green) stands for cells where the expression levels is at least  two median absolute deviation over 

(under) the median. Conditions discussed in the text are marked; (B) percentages of different types of 

c-di-GMP proteins with and without  localisation signals; (C) percentages of c-di-GMP proteins with 

common various partner domains.



signalling pathways. 

4.4.2.2. Spatial regulation of c-di-GMP proteins

The predominant mechanism for the spatial separation of proteins is their targeted localisation 

within the cell. The importance of this in the control of cell division in C. crescentus (Paul et 

al. 2004) by c-di-GMP is well-established. Our aim is to assess whether this is widespread or 

not.

As there are few high-throughput datasets for the subcellular localisation of bacterial proteins, 

we used established computational methods to predict the sorting signal of c-di-GMP proteins 

from their amino acid sequences (Emanuelsson et al. 2007). We predicted three types of 

localisation signals: (1) a transmembrane helix (Krogh et al. 2001) indicating potential 

anchoring to the plasma membrane, (2) a secretory-peptide motif (Bendtsen et al. 2004) that 

targets proteins for translocation across the membrane and (3) lipoproteins (Juncker et al. 

2003), which have an N-terminal lipid modification that allows them to tether to the bacterial 

outer membrane. 

In total, 2,290 proteins contain at least one of these localisation signals (Figure 4.4B), with the 

largest contribution coming from the transmembrane helix (2,222 proteins). 1,461 proteins 

contain a secretory peptide signal: almost all are accompanied by a transmembrane helix 

suggesting that they  remain embedded in the plasma membrane with the c-di-GMP domain 

probably  inside the cell. A small number of proteins do not have a transmembrane region and 

so appear to be exported entirely (66 with signal peptide only, 2 lipoproteins). This, if 

experimentally verified, would suggest an extracellular role for c-di-GMP signalling.  

We note that a larger proportion of GGDEF-containing proteins (GGDEF-only and hybrid; 

~55%) have a localisation signal compared with EAL-only proteins (~31%). Further, a 

significantly larger proportion of EAL-only  proteins have localisation signals in the set of 

organisms coding for 5 or more EAL-only proteins [38% against 20% for EAL-only proteins 

from other organisms; the latter being around overall genome percentages of 15-20%

(Bendtsen et al. 2005)]. Thus, given that EAL-only proteins are fewer in number per genome 

than GGDEF-containing proteins, extensive spatial regulation may be unnecessary. 
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Alternatively, EAL-only  proteins may differ from hybrid proteins with EAL activity  in 

hydrolysing all free c-di-GMP in the cytoplasm.

4.4.2.3. Post-translational regulation of c-di-GMP proteins by partner domains

Post-translational regulation is an important method for controlling enzymatic activity. A 

common and effective method for this is to have an N-terminal signal-receiving domain that 

activates a C-terminal partner in response to the appropriate stimulus. We examine the types 

of intra- and extra-cellular signals that  impact on c-di-GMP turnover by examining the protein 

domains that combine with the GGDEF and EAL catalytic domains (Figure 4.4C). 

GGDEF-only proteins partner small-molecule-binding and receiver domains:

We estimate that up to 80% of GGDEF-only proteins contain a signal-receiving domain: 

1,114 proteins (out of total 2,154) have identifiable partner domains, and a further 629 

proteins have space for a  domain (100 residues; approximate length of the common small-

molecule-sensing PAS domain) that  we are unable to assign at present. In almost all cases the 

partner is situated upstream of the GGDEF domain, conforming to an N-to-C-terminal input-

to-output architecture. The most common partner domains are involved in signal-sensing or 

receiving phosphorylation from signal-sensing histidine kinases.

The most common input signal for GGDEF-only proteins is small-molecule-binding. The 

PAS domain (Ponting and Aravind 1997) – found in 236 proteins - is a widespread sensory 

region that responds to a range of co-factors including haem and FAD. Two-thirds of these 

cases (163 out of 236) contain multiple tandem copies of the domain, which probably 

increases sensitivity to the incoming signal. Further, these PAS domains correspond 

exclusively  to the three most variable sequence sub-families suggesting divergence to sense a 

variety of signals.  Another ligand-binding partner is the GAF domain (Aravind and Ponting 

1997) (103 proteins). Originally identified as a cyclic-GMP-binding region in photosynthetic 

bacteria and eukaryotes, it  is now thought to interact with many different nucleotides and 

small molecules. 

An alternative type of input  signal involves covalent modification of the partner domain, 

typically through phosphorylation. 193 proteins contain the Response Regulator domain (Pao 

Chapter 4: Comparative genomics of cyclic-di-GMP signalling

110



and Saier 1995) which acts on phosphorylation by  histidine kinases, representing 'two-

component' systems. 111 other proteins contain the membrane-associated HAMP domain 

(Aravind and Ponting 1999) that is usually present in signal-sensing histidine kinases.  

There are also unusual examples among the less common domain architectures. The protein  

Patl_3541 from Pseudoalteromonas atlantica has an N-terminal GGDEF domain followed by 

the Sigma 54 activator and AAA ATPase domains. It  appears that the GGDEF domain has lost 

its catalytic activity while retaining is c-di-GMP-binding capacity (see below); therefore we 

predict that this protein functions as a transcription factor which responds to intracellular c-di-

GMP concentrations. 

EAL-only proteins have fewer partner domains:

In contrast, we estimate that less than half of EAL-only proteins have a partner (315 out of 

672), of which we can assign a known domain to 144 proteins (rest with space for an 

additional unidentifiable domain). Again the signal-sensing region is located upstream of the 

enzymatic domain, resulting in the N- to C-terminal input-to-output structure. 

The most common partner is the kinase-dependent Response Regulator (65 proteins). There 

are few instances of small-molecule-binding, with just 14 GAF and 7 PAS domains. The 

reason for the predominance of response regulators here is not clear. Several domains are 

unique to EAL-only proteins. The most prominent is the IIC domain (12 proteins); which 

contains the permease active site for the sugar phosphotransferase system. Since the system 

leads to carbohydrate import and metabolism, we expect these proteins to act as c-di-GMP-

responsive effectors of sugar metabolism. 

Unusual examples include six proteins with an N-terminal GerE transcription factor domain: 

the catalytic activity of the EAL domain has been confirmed for the YahA protein in E. coli 

K12 (Schmidt et al. 2005), and the interaction between the enzyme and DNA-binding 

functions needs further investigation. 

Hybrid proteins partner small-molecule and receiver domains: 

Almost all hybrid proteins contain a partner domain (1,406 out of 1,542), of which 1,161 can 
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be assigned. The composition is similar to GGDEF-only proteins: 422 contain the PAS 

domain (small-molecule-binding), 116 the Response Regulator (phosphorylation), 121 the 

HAMP (phosphorylation) and 72 the GAF domain. A recently  characterised hybrid protein 

responds to nutrient status and has the GAF partner domain (Kumar and Chatterji 2008). The 

link between the GAF domain and nutrient status could be due to cAMP, which can be sensed 

by this domain. Again the partner resides at the N-terminal end, followed by  the two 

enzymatic domains. 

In contrast  to earlier cases, a relatively larger proportion contain multiple types of partner 

domains (308 out of  1,161; 26% against 18% for GGDEF-only; percentages in relation to the 

number of proteins with identifiable partner domains). PAS, in addition to being the sole 

partner domain, appears between an upstream Response Regulator (56 proteins), GAF (54  

proteins), or HAMP domain (31 proteins) and downstream catalytic domains. The role of the 

PAS domain in these proteins is unclear; but we speculate that this could allow proteins to 

respond to several different incoming signals. It points to an alternative hypothesis: it 

highlights two major 'supradomain' combinations (Vogel et al. 2004) that occur a large 

number of times: PAS-GGDEF and GGDEF-EAL. These can occur in isolation or in 

association with further partner domains, and in fact the composite of the two supradomains 

describes the most common type of GGDEF-EAL hybrid proteins. This means that although 

EAL domains rarely partner a signal sensor when they are alone (as in the EAL-only 

proteins), this becomes commonplace in the presence of a GGDEF domain (as in the hybrid 

proteins). 

4.4.3.4. Prediction of cognate histidine kinase-response regulator pairs

Finally, we identify  the potential cognate histidine kinase for c-di-GMP proteins containing a 

response regulator domain. In general, the kinase-receiver interaction is specific (Skerker et 

al. 2008; Skerker et al. 2005) and there is minimal cross-talk between different pathways. A 

strong indicator of a cognate kinase-response regulator pair is their co-occurrence within the 

same operon. Compared with other c-di-GMP genes, we find that those with a response 

regulator have a much greater tendency to reside in multigenic operons (27.6% and 55.7% 

respectively). Moreover, a large number (116) of these co-occur with a gene encoding for a 

sensor histidine kinase. Therefore, most of these are likely to represent cognate kinase-
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receiver pairs. An experimentally  characterised example is the protein Rrp1 in Borrelia 

burgdorferi, a GGDEF protein paired with the co-transcribed histidine kinase BB0420 

(Ryjenkov et al. 2005).  

We can augment these data with high-confidence interactions inferred from patterns of 

correlated amino-acid mutations in cognate kinase-response regulator pairs (Burger and van 

Nimwegen 2008). The above published resource of such predicted interactions (called TCS) 

identifies putative phosphorylating partners for 266 orphan c-di-GMP proteins with response 

regulator domains. To our knowledge, no phosphorylation reactions between such orphan 

kinases and receivers with c-di-GMP outputs has been experimentally verified. In total, 

putative phosphorylating kinases could be predicted for a total of 382 response regulator-

containing c-di-GMP proteins.

Of interest  is a second set of genes consisting of a solitary response regulator domain (Jenal 

and Galperin, 2009) that reside in the same operon as the kinase-controlled c-di-GMP genes. 

One such gene, coding for DivK in Caulobacter crescentus, has been shown to be an 

allosteric modulator of the cognate histidine kinase (Paul et al. 2008). There are 58 instances 

of such c-di-GMP protein-associated single-domain response regulators across 45 species 

(including 18 Alpha Proteobacteria to which C. crescentus belongs), and it  will be of  interest 

to investigate the general regulatory role of these proteins. 

4.4.4. Allosteric and enzymatic activity of hybrid proteins

In this final section, we examine the pattern of amino acid mutations in the GGDEF and EAL 

domains in order to assess how their enzymatic and allosteric activities are altered. In doing 

so, we investigate the biochemical significance of hybrid proteins.

4.4.4.1. Catalytic and allosteric sites in the GGDEF and EAL domain 

Biochemical and structural studies have identified functional amino-acid residues for two 

important regions in the GGDEF domain (Chan et al. 2004; Christen et al. 2006; Malone et 

al. 2007) (Figure 4.5). The catalytic AGGDEF-site comprises the highly  conserved GG[D/E]EF 

peptide sequence. Degenerate motifs are inactive but retain substrate-binding (ie GTP-

binding) capacity. The nearby allosteric IGGDEF-site consists of a conserved RXXD motif, and 
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product binding (ie, c-di-GMP-binding) 

inhibits the cyclase activity at the AGGDEF-

site. Point mutations abrogate this negative 

feedback without affecting the catalytic 

activity. 

The EAL domain contains a catalytic AEAL-

site, but no allosteric site (Figure 4.5). A 

recent publication determined seven non-

contiguous amino-acid positions that are 

critical to catalytic activity, and alterations at 

any of these positions abolish hydrolase 

activity (Rao et al. 2008), but probably  still 

allow substrate-binding (ie, c-di-GMP-

binding). The catalytic mechanism proposed 

by this biochemical study is in agreement 

with conclusions from a recent structural 

investigation of an EAL domain protein 

(Minasov et al. 2009).

4.4.4.2. Frequency of  A- and  I-sites 

and consequences 

There are four possible combinations of 

catalytic and allosteric site functionality in 

the GGDEF domain: A+
GGDEF-I+

GGDEF (both 

active),  A+
GGDEF-I-

GGDEF, A-
GGDEF-I+

GGDEF, 

and A-
GGDEF-I-

GGDEF (both inactive; Table 2 

presented at the end of this chapter). 

We find that most (86%; 1861/2154) 

GGDEF-only proteins are AGGDEF
+, but only 

over a half (58%; 898/1541) of the hybrid 
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Figure 4.5. Catalytic and allosteric sites  in  c-di-

GMP proteins. (A) Structure of representative 

GGDEF and EAL protein. Active sites are 

highlighted in blue boxes and allosteric sites from 

the GGDEF protein PleD in green; (B) HMM 

logo of GGDEF domain with the short  sequence 

stretch containing the catalytic and allosteric sites 

highlighted; (C) HMM logo of EAL domain with 

the various essential catalytic site residues 

highlighted.



proteins are. Hybrid proteins that are AGGDEF
- also tend to be IGGDEF

- (84%; 539/644); this is 

strikingly less so among the AGGDEF
- GGDEF-only proteins (43%; 126/293). On the other 

hand, almost all EAL domains, irrespective of whether they are present in EAL-only  or in 

hybrid proteins, are AEAL
+. These results together suggest that in a number of hybrid proteins, 

the inactive GGDEF domain itself could sense GTP levels and activate the downstream EAL 

domain. This has been verified in at least two proteins (Christen et al. 2005; Kazmierczak et 

al. 2006). Catalytic domain folds with inactive members retaining ligand sensing activities 

have also been characterised, for example, in the context of the fold of sugar isomerases 

(Anantharaman and Aravind 2006). This would add an additional feedback control to the 

EAL activity, which, as we have already proposed, gains signal-sensing ability  in hybrid 

proteins due to the strong PAS-GGDEF-EAL supradomain architecture.

It has been proposed that  GGDEF activity could maintain stable c-di-GMP levels under one 

of two conditions: (1) high catalytic activity, I-site is present (2) low catalytic activity, I-site is 

absent (Jenal and Malone 2006). We find that most AGGDEF
+ GGDEF-only proteins (67%; 

1,241 / 1,861) are also IGGDEF
+. These could represent case 1 above while the remaining third 

represent case 2. On the other hand, nearly  half of all AGGDEF
+ GGDEF domains (51%; 

456/898) in hybrid proteins are IGGDEF
-. Under this model, the enrichment of AGGDEF

+IGGDEF
- 

GGDEF domains in hybrid proteins over GGDEF-only proteins points to an over-

representation of  low-efficiency  GGDEF activity among hybrid proteins. A further difference 

in the nature of the AGGDEF sites between GGDEF-only and hybrid proteins - the most 

common catalytic site motif in GGDEF-only proteins is 'G-G-E-E-F' whereas that in hybrid 

proteins is 'G-G-D-E-F' - might imply that this one residue change could differentiate between 

high and low activities. Alternatively, at least in some hybrid proteins, there might be inter-

domain allosteric regulation by the binding of c-di-GMP to the downstream EAL domain. 

However, the presence of an intact active site in most EAL domains in hybrid proteins makes 

the above an intriguing possibility. 

Active site presence patterns indicate that most hybrid proteins will have EAL-only activity or 

both activities; GGDEF-only activity, though characterised, is likely to be rare. Where both 

domains retain catalytic sites, the two activities will be mutually  exclusive. This is because 

GGDEF activity requires protein dimerisation whereas EAL activity  does not. The switch 
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between the two activities could be governed by the status of the signal-sensing domain. Most 

recently, a dual activity  hybrid protein, where the nature of activity is determined by nutrient 

status, was characterised in M. smegmatis (Kumar and Chatterji 2008). Our data suggests that 

this could be a common occurrence.
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4.5. Discussion and Conclusion

c-di-GMP is a key signalling small-molecule in bacteria, that  plays important roles in 

regulation of the switch between motility and adhesion, biofilm formation and virulence. c-di-

GMP has been recognised as a ubiquitous bacterial second messenger since GGDEF and 

EAL domain-containing proteins have been found across many bacteria, but not in Archaea 

(Galperin et al. 2001). The synthesis and hydrolysis of c-di-GMP are carried out  by enzymatic 

domains called GGDEF and EAL respectively. Here we have presented a computational 

analysis of c-di-GMP protein distribution, regulation and biochemical activity across 381 

bacterial genomes. 

4.5.1 Summary of results

c-di-GMP genes are expanded in Proteobacteria, but  are severely limited in Firmicutes and 

absent in Archaea. Host-associated organisms have few or no c-di-GMP proteins, in 

agreement with their life in stable environments. In accordance with the known role of c-di-

GMP in the control of motility  and sessility, most non-motile organisms have no c-di-GMP 

genes. 

c-di-GMP genes are extensively  regulated at  the transcriptional and post-translational levels. 

Post-translational regulation includes both temporal and spatial control. GGDEF-containing 

and EAL-only proteins significantly differ in the extent of their post-translational control, 

with EAL-only  proteins being under limited regulation. Since EAL-only  genes are present in 

only a few copies per genome, we propose that  less control is required. We also describe a 

supra-domain architecture for GGDEF-containing proteins that allows EAL domains to come 

under signal-dependent post-translational control only in hybrid proteins.

Finally, we analyse active and allosteric site motifs in the three types of c-di-GMP proteins, 

with particular emphasis on hybrid proteins. On a large-scale we propose that hybrid proteins 

generally  have EAL-only or both catalytic activities. Allosteric regulation of one catalytic 

domain by the other, particularly  where the second domain has lost catalytic site residues, is 

possible in many proteins.
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4.5.2. The extended c-di-GMP signalling network

The current study has centred predominantly  on the c-di-GMP proteins themselves. However, 

these proteins form only part of a much larger signalling network that links numerous intra- 

and extra-cellular stimuli with specific adaptive responses. 

The microarray  data and partner-domain analysis in particular have provided insights into the 

conditions under which c-di-GMP proteins are expressed, and the general identity of the post-

translational signals that they respond to. In predicting the cognate histidine kinases that target 

specific response regulators, we have attempted to expand the signalling network outwards 

from the c-di-GMP proteins themselves. However, we will require further genome-scale 

experiments, combined with detailed molecular characterisation in order to build a 

comprehensive picture of how c-di-GMP proteins integrate into the bacterial signalling 

system. Of primary interest will be the identity of the transcriptional factors regulating c-di-

GMP gene expression, the precise repertoire of small molecules that interact with ligand-

binding domains, and the nature of the stimuli that activate particular signalling pathways. 

Downstream, there are numerous effector molecules that transmit the c-di-GMP-mediated 

signal to the eventual phenotypic output. Jenal and Malone previously  outlined a selection of 

possible c-di-GMP effector mechanisms (Jenal and Malone 2006), all of which have been 

subsequently  verified. The best known example is PilZ (Amikam and Galperin 2006; Benach 

et al. 2007; Pratt et al. 2007; Ryjenkov et al. 2006), a molecular switch that – on c-di-GMP-

binding - acts on downstream targets through protein-protein interaction to mediate motility, 

exopolysaccharide production and biofilm formation. More recently, it was shown that  an 

entire class of c-di-GMP-binding riboswitches impact on the translation and stability of the 

associated mRNA (Sudarsan et al. 2008). Our analysis has revealed large numbers of 

catalytically  inactive GGDEF and EAL domains and we anticipate a significant proportion of 

these to function as effectors also (Hengge 2009). Finally beyond bacteria, artificially 

introduced c-di-GMP can bind to an oncogenic form of the eukaryotic Ras GTPase leading to 

a reduction of cancer cell proliferation and could therefore serve as a novel therapeutic for 

cancer (Amikam et al. 1995; Romling and Amikam 2006; Steinberger et al. 1999). Again, 

functional genomic experiments would quickly  help identify  potential effector activities that 

could be characterised with detailed molecular studies.
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4.5.3. Testable hypotheses

Our study has allowed us to propose several principles of c-di-GMP signalling and we 

anticipate that they will be useful in guiding future studies. It is important to note that the 

observations are based on genome-scale trends, and there will inevitably be individual 

exceptions that do not follow the rules. For instance, though Firmicutes in general code for 

only a few c-di-GMP proteins, these proteins might yet have interesting functions in 

controlling developmental processes. For example, the pathogenic Firmicute Staphylococcus 

aureus codes for a solitary GGDEF protein. Recent experimental data has shown that this 

protein does control biofilm formation, but independent of c-di-GMP synthesis: in fact the 

GGDEF domain portion of this protein may not be essential to this regulation (Holland et al. 

2008). In spite of containing the GGEEF motif, this protein is catalytically inactive, this 

making its molecular role intriguing. Thus, detailed investigation of proteins that form 

exception to rules established by  genomic analysis could lead to novel, and significant 

advances.

Finally, many of our findings are amenable to experimental testing, and the datasets used in 

this study are available for this purpose. 
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Table 4.2. Combinations of functional and non-functional catalytic and allosteric sites, and 

potential functions of resulting proteins (3 pages)
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Chapter 5

Comparative genomics of bacterial 

signal sensing, transduction and regulatory outputs

DNA

RNA

Proteins

metabolism

development / 

complex lifestyles

small molecules

second 

messenger

TFs

Bacteria make use of a vast array of protein-based regulatory mechanisms to effect responses 

appropriate to their environment. This chapter presents a comparative genomics survey of a 

selection of the more common regulatory mechanisms operating largely at the transcriptional 

and the post-translational levels, thus deriving general principles governing the interactions 

between various signal sensing, transduction and output generation methods.

This work, when published in an international peer-reviewed journal, will have the following 

authors:

Seshasayee, A.S., Luscombe, N.M.



5.2. Introduction 

Bacteria, being unicellular organisms, are particularly sensitive to their micro-environments 

and their genomes are streamlined to make optimal use of available conditions and nutrients. 

Further, many bacteria are capable of facing multiple types of stresses and need to adapt to 

these changing conditions, which include - but are not limited to - availability  of small-

molecules, pH, temperature, aeration, viscosity, population quorum and pressure. 

Environmental signals can be sensed externally  by proteins tethered to the cell membranes, or 

internally. Internal sensing may be of molecules that  can enter the cell via transporters or 

diffusion, or of genuinely internal signals such as DNA supercoiling that are proxies for 

environmental conditions, and metabolic products. The signal is then transduced, largely  to a 

transcriptional change. Signal transduction leading to a transcriptional output takes place via 

one of two main mechanisms (Ulrich et al. 2005): (a) conformational changes in a single 

protein, called a one-component system, which contains a signal-sensing domain in addition to 

a DNA-binding domain, or (b) phosphorylation cascades, called two-component systems, 

mostly  involving one histidine-aspartate kinase and a cognate phosphorylation-receiving 

transcription factor (Laub and Goulian 2007). Non-transcriptional outputs are also possible 

and include enzymatic activities such as the synthesis of second messengers like cyclic-di-

GMP (Jenal and Malone 2006) and the methyltransferase activity  involved in chemotaxis 

(Lukat and Stock 1993). The various combinations of signal-sensing, signal-transduction and 

output responses are illustrated in Figure 5.1. 

Bacteria can be expected to vary  their repertoire of signal-sensing, signal-transducing and 

output-generating proteins - collectively called regulatory proteins - depending on their 

habitat and lifestyles. It has been repeatedly shown that the number of regulatory proteins 

encoded in the genome scales with genome size and consequently, the total number of genes 

(Galperin 2005; Ulrich et al. 2005; Ranea et al. 2005). In fact, the second-most important 

indicator of a prokaryotic organism's total gene content, after metabolic enzymes, is the set of 

regulatory proteins (Ranea et al. 2005). 

An early comparative-genomic study of ancient small molecule-binding domains that are 

conserved in at least two of Archaea, Bacteria and Eukarya illustrated the wide prevalence of 
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two-domain architectures where 

these domains are present 

alongside enzymatic or DNA-

binding transcription factor 

domains (Anantharaman et al. 

2001). Further, this domain 

configuration was shown to be 

more widespread in Bacteria 

than in Eukarya which use a 

novel reper to i re of smal l 

molecule-binding domains. A 

census o f one- and two-

component systems published in 

2005 showed that, across 140 completely  sequenced prokaryotes, the number of one-

component systems overwhelms that of two-components (Ulrich et al. 2005). Based on the 

observation that most two-component sensors are membrane-bound, it was proposed that 

since direct transcriptional regulation by a membrane-localised protein is not possible, a 

second protein component is needed to transmit this signal to the transcriptional apparatus. A 

slightly more recent study investigated signalling mechanisms involving more than one 

protein (two-component systems, but also including Serine/Threonine/Tyrosine kinases and 

proteins involved in chemotaxis and cAMP and c-di-GMP signalling) (Galperin 2005). 

Importantly, organisms with the highest proportions of such signalling mechanisms belonged 

to the relatively less characterised groups of organisms from the beta, delta and epsilon 

Proteobacteria. These authors also introduced the concept of "introverts" and "extroverts" 

depending on whether an organism preferred to sense signals intra- or extra-cellularly. 

In spite of the above studies, many questions, with particular emphasis on two-component 

systems, remain to be answered:

(1) While it is clear that two-component systems are less numerous than one-component 

systems, certain bacterial organisms or communities tend to use larger numbers of two-

component sensors than average. Are these organisms characterised by  any  genomic, 
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taxonomic or phenotypic properties? 

(2) Whereas it is well-established that the predominant output of two-component signal 

transduction is transcriptional regulation, are non-transcriptional outputs preferred by some 

organisms? 

(3) Nearly  70% of all two-component sensors are membrane-bound. Are the remaining 30% 

characterised by  special properties? Is this balance between internal- and external-sensing 

two-component sensors constant across the bacterial kingdom?

(4) Extensive knowledge of transcription factors in E. coli K12 MG1655 points to the fact that 

nearly half of all its transcription factors contain small-molecule-binding domains (Babu and 

Teichmann 2003). Is this a general phenomenon across many bacteria? 

In this work, we present a study  of regulatory  proteins from publicly available 381 

prokaryotic genome sequences, 5 metagenomes sequenced using the standard Sanger 

sequencing methodology, and 42 other metagenomes derived using short-read 454 technology 

to answer the above questions.
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5.3. Methods

5.3.1. Datasets

Proteome sequences for 381 completely sequenced bacteria and archaea were obtained from 

KEGG in October 2006 (http://www.genome.jp). Metagenomic sequences derived using 

Sanger sequencing or the short-read 454 technology were sourced from various publications 

(Dinsdale et al. 2008; Kurokawa et al. 2007; Rusch et al. 2007; Tringe et al. 2005; Warnecke 

et al. 2007; Woyke et al. 2006). Taxonomic information for the sequenced bacteria was 

obtained from the NCBI Microbial Genomes Database (http://www.ncbi.nlm.nih.gov/

genomes/lproks.cgi).

5.3.2. Identification of regulatory proteins

DNA-binding and small-molecule-binding domain models from PFAM  were based on the 

DBD (Kummerfeld and Teichmann 2006) and MIST (Ulrich and Zhulin 2007) databases 

respectively. These lists were further expanded or pruned based on existing annotations in the 

PFAM database (Finn et al. 2006). One of five enzymatic domains was used to identify HKs. 

GGDEF and EAL domains represent c-di-GMP turnover. These PFAM  models are named in 

Appendix 5.1.

Searches of PFAM domains against the proteomes and the meta-proteomes were carried out 

using programs from the HMMER suite (http://hmmer.janelia.org) with an E-value cut-off of 

0.05. For the short-read metagenomic sequences, blastp against the seed sequences from 

appropriate PFAM models was performed; this approach had been used earlier in the original 

annotation of these metagenomes (Dinsdale et al. 2008). For the large marine metagenome, 

Interpro assignments were directly used. TMHMM server (Emanuelsson et al. 2007; Krogh et 

al. 2001) was used to predict transmembrane regions in the regulatory proteins.

5.3.3. Statistical tests

Various standard statistical tests used in this study, namely  the Fisher Exact Test, Wilcoxon 

test and Pearson Correlation Coefficient were performed using the R statistical package 

(http://www.r-project.org). Where required, the FDR multiple correction was applied. A p-

value cutoff of 0.01 was used for significance.
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5.4. Results

We assembled a dataset of four types of regulatory  proteins from 381 completely  sequenced 

prokaryotic genomes. The genomes used include Archaea, Cyanobacteria, Actinobacteria, 

Firmicutes, Alpha / Beta / Gamma / Delta and Epsilon Proteobacteria. There are at least 10 

genomes belonging to each of the above groups except Epsilon Proteobacteria, which has 9. 

Other taxonomic groups such as Fusobacteria, Bacterioidetes / Chlorobi, Spirochaetes and 

Chlamydiae are less represented.

Our initial list of regulatory proteins includes (a) small-molecule-binding proteins (SMBPs; 

SMBD for Small-Molecule-Binding Domain) representing one form of signal input; (b) 

histidine-kinases (HKs) for two-component regulation; (c) DNA-binding transcription factors 

(TFs; DBD for DNA-Binding Domain) as the major form of output response; (d) proteins 

involved in cyclic di GMP turnover (c-di-GMP) for a large class of enzymatic proteins for 

immediate non-transcriptional output. Using PFAM (Finn et al. 2006), we identify 84,759 

regulatory proteins (SMBP: 38,460; HK: 9,315; TF: 53,864; CdG: 4,368) across the 381 

completed bacterial genomes in our dataset. As is clear from these numbers, the four sets of 

regulatory proteins are not mutually exclusive. 

In addition, we identify  the above classes of regulatory  proteins in metagenomes from human 

gut (Kurokawa et al. 2007), soil (Tringe et al. 2005), marine (Rusch et al. 2007), termite gut 

(Warnecke et al. 2007) and a unique marine worm lacking mouth, gut  and an excretory organ 

(Woyke et al. 2006). Finally, we map to regulatory protein families, unassembled sequence 

reads from 42 bacterial communities which had been sequenced earlier using short-read 454 

technology. These cover classical coral symbionts, microbialites, marine, fresh water, 

hypersaline, fish-associated and terrestrial animal-associated samples (Dinsdale et al. 2008). 

Results from metagenomic datasets are referred to less frequently  than those from 

conventional, complete genomes.

5.4.1. General trends

As has been previously observed, the total number of regulatory proteins encoded in the 

genome scales with the total gene content or genome size. The scaling is clearly more 

quadratic than linear (Galperin 2005; Ulrich et al. 2005). Genomes with less than ~1,000 
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genes in total tend to have fewer-than-expected regulatory  proteins. This is because of the 

constant host-associated environment of these obligate parasites / symbionts, which requires 

only reduced metabolic and regulatory capabilities (Koonin and Wolf 2008). This is also 

reflected in the 454-sequenced metagenomes, where obligate symbionts of corals consistently 

have few reads mapping against regulatory  domains, whereas the other communities contain 

substantially  larger numbers (Appendix 5.2). Due to the limited resolution offered by the short 

reads from this metagenomic study, we do not discuss this dataset further. Finally, all except 

one of the five types of habitats sequenced using conventional long-read methodologies, 

including symbionts of the termite gut, have between 5 and 8% of their meta-proteome 

represented by regulatory proteins. 

5.4.2. Histidine kinase numbers are elevated in organisms sharing specific 

phenotypic properties

The best-studied bacterium Escherichia coli K12 MG1655 (referred to as E. coli) has between 

260 and 300 TFs (Babu and Teichmann 2003; Kummerfeld and Teichmann 2006; Perez-

Rueda et al. 2004) (our number being 261), 189 SMBPs, 28 HKs and 28 CdGs. In total, there 

are 383 proteins belonging to these four classes of regulatory proteins. Thus, in this model 

organism, HKs comprise ~7% of the regulatory protein complement. On the other hand, we 

have Myxococcus 

xanthus, a ubiquitous 

soil-bacterium which 

is a model system for 

c o m p l e x 

d e v e l o p m e n t a l 

processes: starvation-

induced development 

of a fruiting body  in 

this case (Jelsbak and 

Sogaard-Andersen 

2000; Kaiser 2003). 

This organism codes 

for 235 TFs, 248 
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SMBPs, 134 HKs and 19 CdGs, making up a total of 587 regulatory proteins. Clearly, the 

relative predominance of HKs (~23% of regulatory proteins) in this organism (Shi et al. 2008; 

Whitworth and Cock 2008) is unrivalled by  E. coli (see Figure 5.2 for a comparison of E. coli 

with M. xanthus). This clear difference in HK content between two Proteobacterial organisms 

(though belonging to Gamma and Delta sub-divisions respectively) led us to investigate, on a 

more general scale, properties of genomes and metagenomes coding for unexpectedly  high 

proportions of two-component sensors compared against one-component systems. 

Alternatively, this might be considered as a comparison of an ubiquitous signal transduction 

mechanism that  involves a covalent modification (phosphorylation) of a protein, against those 

that do not. 

Towards this end, we adopted two approaches. In the first instance, we performed a Fisher test 

of HKs vs. non-HKs (for one-components; ensuring that phosphorylation receivers were not 

included in the control set) for each genome against the corresponding totals for all other 

genomes. All p-values were adjusted for multiple testing and a final cut-off of 0.01 was used 

to define enrichments. This provided a list of 33 organisms which were strongly enriched for 

HKs within their repertoire of regulatory proteins (Figure 5.3A; Appendix 5.3). These include 

the above-mentioned M. xanthus and the other Myxobacteria in our dataset 

Anaeromyxobacter dehalogenans; Cyanobacteria such as Anabaena variabilis that grow into 

developmental structures called heterocysts (Zhang et al. 2006); and Caulobacter crescentus, 

the model for asymmetric cell division and differentiation (Ausmees and Jacobs-Wagner 

2003). The role of HKs in regulating developmental processes is well-documented; at least 18 

HKs have been verified to have a role in development in M. xanthus (Shi et al. 2008). PleD, 

an enzyme in C. crescentus that synthesises the second-messenger cyclic-di-GMP, thus 

controlling cell division, is regulated via phosphorylaton by  a HK (Paul et al. 2004). In 

summary, 6 of 11 Delta Proteobacterial genomes in our dataset and 4 of 14 Cyanobacterial 

genomes are enriched for HKs. Large proportions of two-component kinases in Delta 

Proteobacteria and Cyanobacteria are explained by recent lineage-specific expansion events 

(Alm et al. 2006). 

We also note that 5 of 9 Bacteroidetes genomes in our dataset  are in the list, including 

Bacterioides thetaiotaomicron and two genomes of Bacterioides fragilis, all of which are 
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members of the human gut microbial community. Of the 307 regulatory proteins in the 

genome of B. thetaiotaomicron (Xu et al. 2003), 82 are histidine kinases. It has been shown 

that one HK in this organism is induced by polysaccharides and that its deletion has a marked 

effect on the organism's survival in a polysaccharide-fed mouse intestine (Bjursell et al. 2006; 

Martens et al. 2008; Sonnenburg et al. 2006). Further analysis, by the same authors, of 32 

HKs belonging to the class of hybrid kinases, which contain a phosphorylation receiver 

domain as well, showed that 18 of these show differential expression under conditions 

involving polysaccharide nutrient provision, including in vivo in the mouse cecum. The role 

of the wider set of HKs in sensing a range of other polysaccharides and probably  the host 
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immune system, at least in the case of the opportunistic pathogen B. fragilis, cannot be ruled 

out.

The Gamma Proteobacterial organism Pseudomonas aeruginosa is known to contain a large 

number of two-component kinases; however, given its large genome, it codes for an expanded 

repertoire of regulatory proteins - both one- and two-component - and thus does not  exhibit a 

particular preference for two-component systems. 

We notice that the above procedure would not identify  any  enrichments of HKs in organisms 

with only  a few regulatory proteins in total. This led us to take a second approach in which we 

calculated the fraction of regulatory proteins in the genome that were HKs. For each 

taxonomic group, we obtained a distribution of these fractional values and assessed whether 

the distribution for each group was substantially different from that  for all other organisms 

using the Wilcoxon test (Figure 5.3B). As expected, we noticed that Delta Proteobacteria and 

Cyanobacteria, as groups, had HK proportions that are far higher than expected. In addition, 

we were able to include Alpha Proteobacteria to this list. While C. crescentus is a particular 

example of Alpha Proteobacteria that is enriched for HKs, we miss various Rickettsiae 

genomes, which have undergone severe reductive evolution, in the previous analysis. For 

example, of the only 17 regulatory proteins in Rickettsia prowazakii, a deadly human 

pathogen, 4 (24%) are HKs; a similar fraction (23%; 3 of 13) is observed in the Rickettsial 

cattle pathogen Anaplasma marginale. We believe that it is important  to understand the role of 

two-component systems in Rickettsial pathogenesis, especially  in (a) the control of its 

transmission from a vector to the target host and (b) determining host-range specificity. This 

is more so given the recognised importance of HKs in pathogenesis of other bacteria, 

especially  Salmonellae (Kato and Groisman 2008), and the interest in drugs targeting these 

proteins (Watanabe et al. 2008).

Finally, we investigated the relative fraction of HKs in five different types of metagenomes 

(Figure 5.3C). Three microbial communities - the average of 13 Japanese human gut 

microbiomes, the Craig Venter marine metagenome and the gut community of a worm with a 

severely limited GI tract - have between 9 and 13% of their regulatory proteins as HKs. The 

human gut microbiome is rich in Bacterioidetes, which should contribute a large number of 
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HKs, but this is probably neutralised by  the relatively limited HK content of the other major 

component, the Firmicutes. On the other hand, the microbiome of a sample of soil has 17% 

HKs, which can be expected given the presence of Myxobacteria and other development-

capable species in such samples. Most interestingly, we notice that 21% of all regulatory 

proteins in the termite gut microbiome comprises HKs. This was surprising and we decided to 

look for any special property of this community  which would globally correlate with elevated 

HK counts.

The termite gut microbiome is rich in Nitrogen-fixing bacteria (Warnecke et al. 2007) since 

the bark of trees, which termites eat, is poor in its content of usable Nitrogen. We 

systematically  evaluated the ability  of the five communities to carry  out Nitrogen fixation by 

searching for nitrogenase genes in the respective metagenomes. We find that the termite 

community  has a far higher score (sum of the negative log of the E-values obtained from 

HMM searches against nitrogenase sequence alignments, Figure 5.3E) than any other 

community. Even the soil community has a small score because the sample was probably  not 

derived from the vicinity of leguminous plants. From conventional genome sequence data, we 

further observe that the 46 organisms which code for nitrogenases tend to have a higher 

proportion of HKs than the set of all other organisms (Figure 5.3D). Thus, it is clear that 

nitrogen fixation as a phenotype is associated with elevated HK numbers, though it is not a 

prerequisite for the same. The reason for this is not clear. There is evidence for the role of 

oxygen-sensing HKs in regulating nitrogen fixation. This is because of the detrimental effect 

of oxygen on the integrity  of the catalytic metal-centre of the nitrogenase. Nitrogen fixing 

Cyanobacteria develop into heterocysts in order to counter these effects of oxygen on the 

nitrogenase while performing nitrogen fixation, but other aerobic bacteria make use of 

different mechanisms to achieve this. However, we do not see any association between 

exposure to oxygen and HK preference as sets of aerobic and anaerobic nitrogen fixing 

bacteria code for similar proportions of HKs (Appendix 5.4). It is entirely  possible that 

nitrogen fixation is generally associated with other unknown phenotypes, probably related to 

development or other "complex lifestyles" such as heterocyst  formation in Cyanobacteria. The 

nitrogen fixing Rhodopseudomonas palustris, like C. crescentus, also divides asymetrically 

and also develops elaborate photosynthesis-capable intracellular organelles under anaerobic 

conditions not obviously related to nitrogen fixation. Thus, this association is likely to be due 
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to a combination of developmental processes that are (a) directly  associated with and (b) 

peripheral to the nitrogen fixing phenotype.

5.4.3 Balance of transcriptional and non-transcriptional outputs of two-

component systems varies across organisms

Large numbers of HKs could be balanced by (1) high numbers of phosphorylation-receiving 

TFs or (2) disproportionate increase in the number of phosphorylation receivers with non-

transcriptional output domains / effectors, enzymatic domains for example. We evaluated the 

two possibilities using data from conventional genome sequences. 

First, we investigated the status of TFs among the 33 genomes above that are enriched for 

HKs. Importantly, we find that, in 20 of these genomes, TFs, as a group, are under-

represented (Figure 5.3A). This allows us to propose that significant enrichment for HKs is 

associated with an enrichment non-transcriptional responses immediately  downstream. We 

studied this more systematically (Figure 5.4) as follows:

We identified a total of 12,027 proteins with the phosphorylation receiver (or response 

regulator, RR) domain in our dataset of genomes. We removed hybrid HKs, which contain 

both a HK and a RR, from this list and obtained a final list of 9,944 RRs: a number that is 

comparable to the total number of HKs in our dataset. Removal of hybrid HKs from the list of 

RRs but not from that of HKs is justified because of evidence documenting kinase activity of 

several hybrid HKs. Secondly, partner domain architecture of hybrid HKs is more similar to 

that of HKs than RRs (Appendix 5.5). Of the 9,944 RRs, only 6,413 RRs are TFs (RR-TF). A 

similar proportion of RRs with DBDs has been observed earlier (Galperin 2006). This 

indicates that a significant proportion of downstream effects of HK-RR interactions are non-

transcriptional. 

Given the body of evidence suggesting that phosphotransfer reactions between HKs and RRs 

are largely one-to-one with limited non-specific cross-talk (Skerker et al. 2008; Skerker et al. 

2005; Yamamoto et al. 2005), we calculated the absolute difference between the numbers of 

HKs and (a) RR-TFs and (b) all RRs in each genome. This difference should be small and 

independent of the number of HKs or RRs encoded in the genome. However, we notice that 
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the absolute difference between the numbers of HKs and RR-TFs positively correlates with 

the numbers of HKs encoded in the genome (Figure 5.4A,C). For example, there are 27 RR-

TFs in the E. coli genome to match with 28 predicted HKs. On the other hand, the 134 HKs in 

M. xanthus overwhelm the 50 RR-TFs. However, this trend is no longer so apparent when all 

non-HK RRs are taken into account (Figure 5.4B,D). In fact, there are 138 RRs in total in the 

M. xanthus genome. It must be noted that the correlation is still far from perfect (median 

absolute difference between HK and RR numbers is 5); we discuss potential confounding 

aspects, including hybrid HKs and single-domain RRs (Jenal and Galperin, 2009), in 
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Appendix 5.6; further deviations might be due to many-to-one and one-to-many relationships 

between HKs and RRs (Laub and Goulian 2007). In addition, hybrid HKs may also be 

involved in interactions not typical of two-component systems with downstream proteins 

(Sonnenburg et al. 2006). These aspects are likely to be particularly  common in organisms 

such as Anabaena variabilis and B. thetaiotaomicron (see Appendix 5.6).

Irrespective of whether HKs and RRs are encoded on the same genomic locus or not  (about 

60% of all HKs are encoded on the same operon as an RR), there seems to be a pressure to 

keep  the number of RRs close to that of HKs in most organisms. A weaker correlation was 

observed earlier using about half the number of genomes studied here (Alm et al. 2006). This 

in line with the expectation that one-to-many and many-to-one regulation events are relatively 

uncommon, at least in a majority of organisms studied here. (Skerker et al. 2005; Yamamoto 

et al. 2005; Laub and Goulian 2007). Operon co-localisation is not a pre-requisite for cognate 

phospho-transfer reactions; in fact  there appears to be an evolutionary basis for this: 

horizontally acquired HKs show a greater propensity  to be located adjacent to RRs when 

compared to those acquired via lineage-specific expansion events (Alm et al. 2006). Co-

localisation of HK and RR genes on the same operon probably  imposes a rigid requirement 

for cognate interactions between the two and also establishes their co-evolution. On the other 

hand, encoding HKs and RRs on different loci might allow for evolutionary  flexibility in 

altering substrate specificity: an organism might independently  acquire a RR to compensate 

for an orphan HK. 

Secondly, there is a ceiling on the number of RR-TFs that can be encoded in the genome, and 

the discrepancy between the numbers of HKs and RRs thus obtained is largely compensated 

for by non-transcriptional effectors. Among the most common non-transcriptional effectors 

are the GGDEF and EAL domains involved in turnover of the bacterial second messenger 

cyclic di GMP, which is involved in controlling the switch between motile and sessile states in 

bacteria, and chemotaxis methyltransferases. 

5.4.4. External and internal-sensing HKs are differently distributed across 

bacteria

In conclusion to our study of HKs, we investigate the relative occurrence of membrane-
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associated and cytoplasmic HKs across our set of 

genomes and communities in order to understand 

some general principles of signal sensing by HKs. 

In line with earlier studies (Ulrich et al. 2005), 66% 

(6,192 / 9,315) of all HKs in our genome-based 

dataset contain trans-membrane helices (TMH, Figure 

5.5A). A comparison with E. coli, where 25 of the 28 

(89%) HKs contain TMHs, suggests that this overall 

fraction is less than what would probably be expected 

by the large number of E. coli biologists. In fact, as 

many as 260 conventional bacterial genomes, 

i n c l u d i n g E . c o l i a n d t h e H K - r i c h B . 

thetaiotaomicron, code for a larger-than the overall 

proportion of TMH-containing HKs. 

On the other hand, 20 genomes code for a 

significantly lower-than-expected proportion of TMH-

containing HKs (Appendix 5.7). 11 of these 20 

genomes belong to the 33 genomes we had identified 

as being strongly enriched for HKs in general. These 

include M. xanthus (Shi et al. 2008) and the 

Cyanobacteria (Galperin 2005). We repeated the 

above analysis on the metagenomic datasets. Given 

the fact that, on average, a protein predicted from 

these datasets is about 100 amino acids shorter than 

the average bacterial protein as determined from 

conventional genome sequences, a smaller proportion 

of all HKs (~50%) in these datasets contain TM 

regions. Nevertheless, the soil microbiota, which 

supports Myxobacteria and is rich in HKs, has a 

relatively higher proportion (77%) of putatively 
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intracellular HKs. This is also true for the HK-rich termite gut metagenome (73%). 

5.4.5 Why two-components?

A comparative survey  of one- and two-component systems across ~140 completely sequenced 

prokaryotic genomes by Ulrich and colleagues concluded that two-component systems are 

essential in order to communicate an extracellular signal to a transcriptional output (Ulrich et 

al. 2005). Within the context of transcriptional outputs, this conclusion largely holds good. 

However, about a third of all HKs identified in our study, as well as in the above study, are 

intracellular and this proportion is as high as 50% in certain organisms including M. xanthus 

and Cyanobacteria such as A. variabilis. This is also true in metagenomic sequences derived 

from soil and termite gut samples. Further, a third of known RRs would lead to immediate 

non-transcriptional outputs (Galperin 2006; this study). Importantly, we find that the 

proportion of intracellular HKs correlates with that of HKs not accounted for by RR-DBDs 

(Figure 5.5B). For example, only 47% (75 / 161) of HKs present in the same operon as 

receivers with the non-transcriptional c-di-GMP turnover as immediate output are membrane-

associated. In other words, putative non-transcriptional output of two-component systems is 

associated with intracellular HKs. Thus, in organisms, including M. xanthus, which have a 

large number of intra-cellular HKs and relatively  low proportions of membrane-associated 

HKs, the proposal of Ulrich and coworkers is not comprehensive enough. Instead, these 

organisms might require signalling pathways involving long-term covalent modifications, 

such as two-component networks, in order to control developmental processes. 

5.4.6 Small-molecule binding in one- and two-component regulation

Finally, we were interested in TFs (as representatives of one-component regulation) that in 

addition to their DBD, also contain a SMBD. These represent direct interactions between 

small molecules and the one-component transcriptional regulatory  machinery. A genomic 

survey of SMBPs across Bacteria, Archaea and Eukarya revealed not only  the elevated 

presence of the more ancient of these domains in bacteria, but also their tendency to be 

associated with metabolic enzymes and TFs (Anantharaman et al. 2001). A later analysis of 

TFs in E. coli showed that nearly half (44%) of these also contain a SMBD (Babu and 

Teichmann 2003). Our estimate of this number for E. coli is also 44% (115 / 261). This is far 

more than what is seen in eukaryotes where this is accounted for by  longer signal transduction 
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cascades. We investigate whether this fraction is representative of all bacteria in our dataset or 

whether it varies in a systematic manner across classes of bacteria.

Overall, we find that only about 31% of all TFs also contain SMBDs, which is much smaller 

than expected from data on E. coli. A systematic search of organisms which have enriched 

proportions of TFs with SMBDs (Appendix 5.8) identified a significant number of Gamma (to 

which E. coli belongs) and Beta Proteobacteria. We then found that organisms with a 

significant enrichment of SMBPs among TFs also tend to code for a relatively large number 

of metabolic pathways, due to their larger genomes (Figure 5.6). This underlines the direct 

interactions between the metabolic system and the transcriptional regulatory machinery in 

bacteria. This is further strengthened by the following observation: in E. coli, TFs that contain 

SMBDs tend to enrich for metabolic enzymes among their targets represented in RegulonDB 

(41% of targets of SMBD-TFs in E. coli are enzymes compared to 29% for other TFs).

Interestingly, in M. xanthus and Cyanobacteria like A. variabilis, where many HKs are 

associated with SMBPs, only 20% and 15% of TFs contain SMBDs. This led us to investigate 

the association of SMBDs with two-component sensors (HKs). Whereas, overall one-third of 
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all HKs contain an additional SMBD (Figure 5.5A), in M. xanthus and A. variabilis, this 

percentage is ~50%. Thus, these organisms, where a substantial proportion of two-component 

systems are intracellular and likely to lead to non-transcriptional outputs, tend to link even 

small-molecule sensing to two-component regulation rather than direct one-component 

transcriptional regulation. Further, whereas over 70% of all non-SMB HKs contain TMHs, 

less than 50% of all SMB HKs do so. This amounts to a strong relative preference for SMB 

HKs to be intracellular (Figure 5.5C), though the proportion of TMH-containing SMB HKs is 

higher than overall genomic averages (15-20%) (Bendtsen et al. 2005). 

The principle derived from the above analysis largely  holds true for metagenomic samples. 

Soil and termite metagenomic samples, with enrichments for two-component systems in 

general and intracellular sensors among them, code for more SMBD-containing HKs (26% 

and 22% respectively of HKs) in comparison to human gut and marine metagenomes (11% 

and 10% respectively). However, the metagenome of the gutless worm presents an alternative 

perspective. Though this metagenome does not enrich for HKs and 83% are extracellular, yet 

50% contain SMBD. The requirement for enrichment in SMBD-containing extracellular HKs 

might be due to the biological requirement of this microbiome to metabolise its host’s 

excretory products (Woyke et al. 2006). 

The enrichment of intracellular HKs in M. xanthus and Cyanobacteria like A. variabilis 

correlates with the predominance of SMB HKs in these organisms. It has been suggested that 

predominance of intracellular signal transduction systems in Cyanobacteria is due to the 

autotrophic nature of their metabolism (Galperin 2005). This may also be explained by the 

fact that signals for initiating heterocyst formation include intracellular metabolic products 

such as TCA cycle intermediates (Zhang et al. 2006). In M. xanthus the developmental 

process, whose regulation involves HKs, is a starvation response (Jelsbak and Sogaard-

Andersen 2000) possibly triggered by sensing internal metabolic status (Whitworth and Cock, 

2008). Long-term covalent interactions due to intracellular SMB HK systems may help M. 

xanthus link diverse intracellular starvation inputs to controlling its development programme. 

Chapter 5: Comparative genomics of bacterial signal transduction 

140



5.5. Discussion and Conclusions

Adaptation to an environmental signal involves sensing and transduction of the signal, 

followed by  the generation of an output. Here we present a systematic comparison of the 

distributions of what are called one- and two-component systems in prokaryotic genomes. At 

this level, this can be seen as a comparison of signalling systems that do- or do not include 

covalent modification during signal transduction. 

Building on our initial survey  of component proteins, we present  a study of the interactions 

between signal sensing, signal transduction and the output generating stage of the adaptive 

process using a comparative genomic framework. At the signal sensing level, we focus on 

small-molecule-binding domains and where the sensing event takes place: at the membrane or 

the cytoplasm. After assessing the relative balance between one- and two-component 

mechanisms as predominant examples of bacterial signal transduction mechanisms, we 

investigate their interactions with two general output types: transcriptional and the rest. 

We generate a map that attaches weights to various forms of signalling components and 

interactions across bacteria identifying those that are more prevalent  in one bacteria or 

another. We establish the extensive scale of non-transcriptional outputs immediately 

downstream of two-component signal transduction. We lay emphasis on the connections 

between two-component sensing of intracellular signals and the balance between 

transcriptional and non-transcriptional outputs of such signalling cascades. This leads us to 

show that non-transcriptional output of two-component systems is associated with their 

cytoplasmic localisation. This significantly complements an earlier hypothesis rationalising 

the need for two-component systems, which suggested that a second protein component is 

needed to transmit signals from the predominantly membrane-bound sensor to the 

cytoplasmic transcription factor (Ulrich et al. 2005). We present some data on the likelihood 

of observing non-linear two-component pathways, but this is not a focus of this present work. 

We also demonstrate that one-component TFs that directly  sense small molecules are over-

represented in organisms with great metabolic capabilities. Two-component-rich, and 

development-capable organisms namely M. xanthus and cyanobacteria such as A. variabilis 

tend not to associate one-component TFs with small molecule-binding; instead they  display 
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an enrichment for small-molecule-binding and intracellular two-component sensors. This 

observation ties in the role of intracellular small-molecule signals and two-component 

systems in driving complex developmental cascades. We however note that the lack of 

systematic phenotypic data, especially with regard to complex lifestyles such as 

developmental behaviour, limits possibilities. 

One aspect that we have studied, but not discussed here, is the distinction between different 

metagenomes, representing five different  habitats, in terms of the nature of SMBDs they  code 

for (Appendix 5.9). Particular emphasis on SMBDs is laid as these serve as links between the 

regulatory machinery and the molecules available not only in the environment but also due to 

metabolic activity. For example, the human gut microbiome, with a special role in metabolism 

of carbohydrates, contains an excess of SMBDs that are generally  thought to bind to sugars. 

On the other hand, the termite gut metagenome has domains for sensing nitrites and nitrates 

fitting well with its nitrogen fixing ability. Recently, initial attempts were made to map 

environmental metadata to mainly  metabolic gene content of metagenomes (Dinsdale et al. 

2008; Gianoulis et al. 2009). We anticipate that using such metadata in analysing regulatory 

proteins would ideally complement these investigations particularly on the signal sensing 

front. 

Here we have focused largely on one- and two-component systems. Detailed studies of other, 

but relatively less well-studied, protein-based regulatory systems including cyclic-di-GMP 

and prokaryotic S/T/Y-kinases, are beyond the scope of this present work, but have been 

carried out at different levels of details by  ourselves (see preceding chapter) and other groups 

(for example Galperin 2005; Galperin et al. 2001; Krupa and Srinivasan 2005; Ryan et al. 

2006). 
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D1. Key features of this thesis

In this thesis, I have presented a body  of work, entirely computational, studying of 

transcriptional and post-translational regulation in bacteria using functional and comparative 

genomics techniques.  The salient features of this thesis can be presented from two angles: (1) 

scientific coverage and (2) methodological approaches.

D1.1 Scientific coverage

D1.1.1. Chapter 1

We begin with a study of what are probably the most global controllers of bacterial 

transcription initiation: DNA sequence, its 3D topology and nucleoid associated proteins. I 

note that parallels can be drawn to the transcriptional machinery in eukaryotes to some extent. 

DNA sequence content at the promoter is a foundation for permitting transcription initiation; 

however it is a temporally static property  that does not determine, on its own, a condition-

specific transcriptional response. I investigate how other cis- and trans-acting players - DNA 

supercoiling and nucleoid-associated proteins - supersede and aid DNA sequence content in 

permitting broad responses to drastic alterations in environmental and cellular conditions.

D1.1.2. Chapter 2

The factors discussed in chapter 1 are what are termed ‘global’ regulators and would not 

allow fine-tuned expression in response to relatively  minor environmental changes. This is, 

however, ensured by  a large variety of transcription factors, of which 70-80% are potentially 

activated either directly or indirectly  in response to an environmental perturbation. I look into 

this aspect further by studying regulation of small molecule metabolism in E. coli. This is a 

particularly relevant model system since nearly  half of all transcription factors encoded in this 

bacterial genome contain a potential small-molecule-binding domain. This study demonstrates 

how different regulatory  architectures operate in different broad sub-sections of the metabolic 

system - catabolism, anabolism and energy  metabolism - and how these architectures can be 

justified. Secondly, co-regulation of metabolic enzymes connected together in different 

fashions via local motifs of inter-connections are examined. This leads us to unravel the 

particular role of ‘divergent’ junctions in defining ‘modularity’ in regulation. Finally, by 

considering how different types of metabolic enzymes evolve and co-evolve, I provide further 

evidence for the role of the environment in defining metabolic gene content.

Discussion and conclusions

144



D1.1.3. Chapter 3

Any given signal can potentially participate in regulating a process by  acting not only at the 

transcriptional stage, but also in the post-transcriptional and post-translational stages. In this 

thesis, I have refrained from studying all aspects of regulation involving RNA (except for the 

highlighting of a few mechanisms at relevant  points in the text). However, post-translational 

control forms an important part of this thesis. Metabolism is again an area where both 

transcriptional and post-translational regulatory mechanisms are prevalent. Much of this is 

due to small molecule signals, which are part of the metabolic machinery itself. In chapter 3, I 

investigate how transcriptional and post-translational regulation, both initiated by  small 

molecules, complement each other in controlling metabolism. They show different levels of 

specificity, with the rapid post-translational control operating preferentially at divergent 

junctions. They are also differentially  deployed through the metabolic system, with post-

translational control being relatively depleted in catabolism, which is rich in non-divergent 

junctions. Thus, compared with other studies focusing on only one of these two mechanisms, 

our integrated analysis provides novel insights, not least by interrogating the largest network 

representing regulation of metabolism by small molecules. This is despite the fact that well-

recognised control mechanisms operating at the post-transcriptional stage are not considered.

D1.1.4. Chapter 4

In studying specific regulation so far, I have investigated systems where there is a direct link 

between the regulatory signal and the ultimate target: small molecules and metabolism in this 

case. However, I appreciate that small molecules called ‘second messengers’ which are 

intermediates in signal transduction pathways may not have any such direct relationship to the 

regulatory target. A particularly important example studied here is the molecule called cyclic-

di-GMP, which is a controller of at least  motility, adhesion, virulence and response to nutrient 

starvation. In chapter 4, I study three aspects of proteins involved in the turnover of this 

second messenger: (1) phylogenetic distribution; (2) transcriptional and, to a greater extent, 

signal-dependent post-translational regulation; and (3) how direct substrate and product 

feedback might affect the activities of these proteins at the post-translational stage. This 

represents a survey embellished with specific questions that leads to a number of testable 

hypotheses.
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D1.1.5. Chapter 5

Finally, in chapter 5 I attempt to bring together various common, and well-studied regulatory 

mechanisms mediated by proteins. In particular, I focus on two-component signal-

transduction pathways, and their association with different  modes of upstream signal sensing 

and downstream outputs. During the course of this study, I make use of what are called ‘one-

component’ systems, where signal sensing and output generation are part of the same protein, 

as a point for comparison. Even though a systematic analysis of phenotypic consequences is 

compromised by the lack of relevant data, I use specific examples to tie in organism 

properties with all three stages of an adaptive response: signal sensing, signal transduction 

and output generation.

D1.2 Methodological approaches

A large body of genetic, biochemical and functional genomic data is available for the model 

bacterium E. coli. I have exploited this information in chapters 1, 2 and 3. However, partly 

due to limitations of the organism itself, these data were not sufficient for the core of the 

analyses presented in chapters 4 and 5. However, thanks to the availability of several hundred 

annotated prokaryotic genomes, I were able to make use of a comparative genomics 

framework in these sections. 

In summary, a range of different data types were used in an integrative fashion in our studies. 

These are (1) genome and proteome sequences; (2) gene expression measurements from 

microarray  experiments; (3) transcriptional regulatory network information from literature-

derived data and ChIP-chip experiments; (4) metabolic network built using a combination of 

biochemical information and genome annotation; and (5) phenotypic properties of organisms, 

mainly habitat, motility and pathogenicity. 

Use of diverse data types also mean that various techniques had to be used. These include (1) 

domain / family and feature assignment to protein sequences; (2) generating protein sequence 

alignments; (3) microarray data analysis - preprocessing and differential expression; (4) 

network analysis; and (5) standard statistical testing.
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D2. Future directions

In this thesis, functional genomic studies of regulatory  mechanisms has investigated the 

biology  of E. coli K12, owing to the richness of public data available for this organism. 

However, this bacterium is a laboratory  strain and a model organism, with no direct relevance 

to human health. One further area of research is the investigation of transcriptional networks 

underlying host-bacterial interactions. This would require generation of first-hand genomic 

data. An immediate interest is the comparison of transcriptional responses of pathogenic and 

non-pathogenic strains of the same species, E. coli, to the same environmental perturbations 

including interaction with epithelial cells. This would be an important addition to recent 

analyses of gene contents of all sequenced E. coli genomes, which has suggested that only 

about a third of all genes encoded in the genome of the model, non-pathogenic E. coli K12 

MG1655 are conserved across all these strains, and that the pan-genome of this species would 

have 10 times as many gene families as the model E. coli (Snipen et al. 2009). Thanks to 

similarities in experimental techniques used, the important agent of food poisoning 

Salmonella represents an area of attractive expansion. 

Yet another area of investigation would be the use of metagenomic data in order to 

systematically  associate regulatory mechanisms with adaptation to a habitat - environmental 

or host-associated. This should be facilitated by major multi-continent efforts such as the 

Human Microbiome Project.
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Appendix 1.1: Differences in AT content of intergenic regions between 

convergent and divergent genes

Boxplot showing the percentage AT content of intergenic regions between divergent (right) and 

convergent (left) genes. The former would include regions of transcription initiation while the 

latter is unlikely to.
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Appendix 1.2: List of genomes where AT-content upstream of lead genes is not 

statistically higher that that of non-lead genes

Appendix 1

A3

Genome name Organism type

Acidothermus cellulolyticus 11B, complete genome Actinobacteria

Clavibacter michiganensis subsp. michiganensis 
NCPPB 382, complete genome

Actinobacteria

Kocuria rhizophila DC2201, complete genome Actinobacteria

Ignicoccus hospitalis KIN4/I, complete genome Archaea

Methanocaldococcus jannaschii DSM 2661 
extrachromosomal, complete genome

Archaea

Methanopyrus kandleri AV19, complete genome Archaea

Nanoarchaeum equitans Kin4-M, complete genome Archaea

Candidatus Sulcia muelleri GWSS, complete genome Bacteroidetes

Anaeromyxobacter dehalogenans 2CP-C, complete 
genome

Delta Proteobacteria

Anaeromyxobacter sp. K, complete genome Delta Proteobacteria

Syntrophobacter fumaroxidans MPOB, complete 
genome

Gamma 
Proteobacteria

Acinetobacter baumannii ATCC 17978, complete 
genome

Gamma 
Proteobacteria

Candidatus Carsonella ruddii PV, complete genome Gamma 
Proteobacteria

Rickettsia akari str. Hartford, complete genome Alpha Proteobacteria

Rickettsia massiliae MTU5, complete genome Alpha Proteobacteria

Treponema pallidum subsp. pallidum SS14, complete 
genome

Spirochaete

Treponema pallidum subsp. pallidum str. Nichols, 
complete genome

Spirochaete



Appendix 1.3: Dinucleotide frequencies in E. coli K12 MG1655

Boxplots comparing the frequencies of the 16 possible dinucleotides upstream of lead (left 

distribution in all plots) and non-lead (right) genes. The first row shows distributions for AA, AC, 

AG and AT in that order; the second row for CA, CC, CG and CT; the third for GA, GC, GG and 

GT; the fourth for TA, TC, TG and TT. The four dinucleotides AA, AT, TA and TT which are 

over-represented upstream of lead genes are coloured in red; the four namely CC, CG, GC, and 

GG that are under-represented in lead genes are coloured in blue.
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Appendix 1.4: AT-content for pseudogenes with and without tandem repeats

(Left panel) Upstream AT content of pseudogenes with and without tandem repeats. (Right panel) 

Difference between AT content of upstream region and the gene body for pseudogenes with and 

without tandem repeats.
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Appendix 1.5: Gene expression correlation of adjacent genes

Distribution of Pearson correlation coefficients of gene three types of adjacent gene pairs: (left) 

where both genes belong to the same operon (middle) where the second gene is a L group lead 

gene and the previous gene is on the same strand and (right) where the second gene is any lead 

gene and the previous gene is on the same strand.
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A7

Appendix 2

Supplementary material for:

Principles of transcriptional regulation and evolution 

of the metabolic system in E. coli



Appendix 2.1: Differences in various genomic properties of specific and 

general TFs

This figure shows three genomic / functional properties in which specific and general TFs 

differ significantly. 

(Left panel) General TFs have higher expression levels than specific TFs; a TFs expression 

level was defined using a cut-off value across 225 Affymetrix arrays. This cutoff value was 

defined as follows:

For any given gene, if M  is the highest expression value across all arrays and C is the sum of 

the third quartile and 1.5 x IQR of the expression vector, then the expression measure is C if 

M>C or M otherwise. 

The use of C ensures that we do not assign an outlier, that  is more an artifact than real, as the 

expression measure. Note that these observations are generally robust to the use of M as the 

expression measure, irrespective of whether it is much larger than C or not. A high expression 

value is more reasonable than the average or median of expression values as a TF may be 

expressed under only one or two conditions and under such circumstances, the median or the 

average would underestimate the expression value. 

(Centre panel) Metabolites that feed back to general TFs are separated from target enzymes in 

the metabolic network by  distances greater than specific TFs. (Right panel) Finally, specific 

TFs are generally  located very close to their target genes on the chromosome. The position of 

a TF on the chromosome was defined by  its end coordinate where coupled transcription and 

translation would end. The chromosomal location of the target was taken as its start point 

since the TF binding site would be located closer to this position. 
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Appendix 2.2: Anabolic pathways are longer than catabolic pathways

This figure compares the distributions of the numbers of reactions involved in anabolic and 

catabolic pathways.
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Appendix 2.3: Co-regulation of at least one flow connected enzymes at 

junctions

This figure gives the numbers of junction metabolites (with at least one pair of connected 

enzymes having known TFs) where at least one enzyme-pair connected in a flow (left) or 

non-flow (centre and right) is co-regulated by the same set of TFs. The difference between the 

flow and the non-flow configurations is significant (p = 1.2 x 10-4)

This figure shows that the chance that at least one pair of enzymes connected at any junction 

metabolite would be co-regulated is higher in the flow than in the non-flow configuration. 

The distributions shown here are log 10 of the p-values obtained from a permutation test 

described in the main text. All p-values in the flow configuration are given as < 2.2 x 10-16. 

See methods section in main text for statistical information.
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Appendix 2.4: Overlapping and exclusive regulation of enzyme pairs 

connected at fork point metabolites

The distributions of overlapping (at least one common TF) and exclusive (no common TFs) 

regulation among junction-flow, convergent and divergent reaction pairs, all of which are 

connected at fork point metabolites are shown here. The inset shows the difference in this 

distribution between junction-flow reactions connected at divergent and convergent points.

Appendix 2

A11



Appendix 2.5: Flux coupling and divergent / non-divergent reactions

Box-plots of the distributions of (left) divergent and (right) non-divergent metabolites 

separating pairs of flux-coupled enzymes are shown here. These distributions are compared 

against those for all pairs of enzyme in the metabolic network.
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Appendix 2.6: Divergent points and pathway boundaries

This figure shows that  pairs of reactions connected at a divergent metabolite tend not to share 

a common Ecocyc pathway membership, while those connected at non-divergent metabolites 

show a greater tendency to belong to the same pathway. The numbers for non-divergent points 

is multiplied by 10 for display purposes.
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Appendix 2.7: Co-regulation of Isozymes 

#reactions mapped to more than one enzymatic conversions 

(“enzrxn” ID in ecocyc)

#reactions mapped to more than one enzymatic conversions 

(“enzrxn” ID in ecocyc)

97

#pairs of enzymatic conversions linked to the same reaction#pairs of enzymatic conversions linked to the same reaction 196

#pairs of enzyme genes 

belonging to different 

enzymatic conversions and 

linked to the same reaction

total 267

#pairs of enzyme genes 

belonging to different 

enzymatic conversions and 

linked to the same reaction

with known regulators 111
#pairs of enzyme genes 

belonging to different 

enzymatic conversions and 

linked to the same reaction

with identical sets of regulators 8
#pairs of enzyme genes 

belonging to different 

enzymatic conversions and 

linked to the same reaction

with overlapping sets of 

regulators

69

#pairs of enzyme genes 

belonging to different 

enzymatic conversions and 

linked to the same reaction
with mutually exclusive sets of 

regulators

34

Median expression correlationMedian expression correlation 0.29

Distribution of co-expression correlations for isozymes compared with those for flow and 

non-flow enzyme-pairs

Isoenzyme pairs have significantly smaller expression correlation than linear-flow enzyme 

pairs (p=4.4 x 10-4) but much higher correlation than the flow and non-flow enzyme pairs at 

junctions (p=8.1 x 10-7).
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Appendix 2.8A: Evaluation of linear-switch pattern involving reactions 

catalysed by isozymes

This figure (blue bars, left axis) shows the numbers of quadruplets of enzymes, involving one 

pair of isozymes and a pair of upstream / downstream enzyme pair, that fall under different 

regulatory scenarios. Co-regulation is defined by an expression correlation greater than 0.30. 

The red bars (right axis) give the numbers of reactions with isozymes at which at least one 

quadruplet follows the given pattern.

In this figure, the orange arrows represent two isozymes for the same reaction. The blue and 

the red arrows represent other reactions that are in a flow-configuration with the isozymes. 

For the sake of convenience, the reaction with isozymes is shown as producing the metabolite. 

The dotted lines connect pairs of co-regulated enzymes. Thus, (A) corresponds to the linear 

switch pattern illustrated by Ihmels and colleagues (2004) in yeast. In (B), both isozymes are 

co-regulated with the same reactions and (C) represents all other patterns where there is at 

least one co-regulatory relationship. 
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Appendix 2.8B: Connectivity of reactions catalysed by isozymes

 

(Left panel) Shows the number of pathways assigned by Ecocyc to reactions that involve 

isozymes and compares this with those not involving isozymes. Reactions involving isozymes 

are enriched for being involved in more than one pathway. 

(Right panel) Shows the degree distribution, in the metabolic network, of reactions involving 

isozymes and compares this with those not involving isozymes. Reactions involving isozymes 

are slightly more connected than those that do not. 
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Appendix 2.9: Differences between aerobic and anaerobic organisms in 

their content of aerobic and anaerobic respiration pathways

Genes belonging to aerobic respiration pathways (TCA and AERESPOND-PWY in Ecocyc) 

are more conserved in aerobic and facultative organisms than in anaerobes. However, genes 

from anaerobic energy  generation pathways (ANARESP1-PWY, ANARESPACC-PWY, 

ANARESPDON-PWY and FERMENTATION-PWY in Ecocyc) are not differently conserved 

between anaerobic and aerobic organisms, though more conserved in facultative organisms. 

This could be due to the ability of different organisms to make use of different substrates for 

fermentation. 
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Appendix 2.10: Correlation between co-expression and co-evolutionary 

patterns

This figure shows the correlation between co-expression and co-evolution in various instances 

(A) linear reactions compared to reaction pairs connected at fork points – junction-flow, 

convergent and divergent  connections (b) junction-flow reaction pairs connected at divergent 

points against those connected at  non-divergent points (c) impact of the number of divergent 

points separating two enzymes on their co-expression and co-evolution (d) as in c, but for 

non-divergent points (e) co-expression and co-evolution of flux-coupled enzymes relative to 

all pairs of enzymes in the dataset.
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Appendix 2.11: Role of operons in enzyme co-evolution

Co-regulated enzyme pairs from within the same operon tend to co-evolve more than those 

that are encoded in different operons, which in turn have a higher co-expression correlation 

than those that are not known to be co-regulated. Here, co-regulation is defined based on the 

transcriptional regulatory network.
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Appendix 2.12A: Robustness of results to completeness of- and errors in the 

transcriptional regulatory network

(A) Global regulation – catabolism, anabolism and central metabolism

This figure shows the medians of the in-degree distributions of catabolic (blue), anabolic 

(magenta) and central metabolic (orange) enzymes in a variety  of transcriptional regulatory 

networks where deletion or errors are introduced in 5%, 10%, 15%, 20%, 25% and 30% of all 

regulatory interactions. Edge deletion has some impact only on central metabolism due to the 

high density of regulatory interactions involving these enzymes.

(B) Local regulation – flow and non-flow regulation

This figure shows the numbers of enzyme-pairs with identical TFs in linear-flow, divergent-

flow, convergent-flow, divergent-nonflow and convergent-nonflow configurations when the 

transcriptional regulatory network is altered as described above. Greater variation is seen in 

the linear-flow system, probably because of the smaller numbers of such pairs that are 

present.
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Appendix 2.12B: Robustness of results to completeness of- and errors in the 

metabolic network

This figure shows the effect  of deleting or introducing errors in 5%, 10%, 15%, 20%, 25% 

and 30% of edges in each of the representations of the metabolic network. The effect  is 

measured by the percentage of enzyme pairs with identical TFs.
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Appendix 3.1: Specificity of direct and indirect regulation

(Left panel) Distribution of the number of reactions controlled by each metabolite through direct 

or indirect regulation. (Right panel) Distribution of the fraction of reactions belonging to a 

pathway regulated by each metabolite, directly or indirectly. For each metabolite, only that 

pathway that is most completely regulated is taken into account.
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Appendix 3.2: Within-pathway direct regulation of catabolic reactions
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Appendix 3.3A: Direct regulation of anabolism by pathway intermediates 

(product / substrate action)

Table listing anabolic reactions that  are regulated by intermediates belonging to the same 

pathway as the reaction. In all these cases, the regulatory metabolite is a substrate or product of 

the regulated reaction. All IDs are from Ecocyc 9.0.
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Reaction ID Regulatory Metabolite ID Pathway ID

N-ACETYLTRANSFER-RXN ACETYL-GLU ARGSYN-PWY

2.5.1.19-RXN 3-ENOLPYRUVYL-SHIKIMATE-5P ARO-PWY

BADH-RXN BETAINE_ALDEHYDE BETSYN-PWY

P-PANTOCYSLIG-RXN 4-P-PANTOTHENATE COA-PWY

ADENYLOSUCCINATE-SYNTHASE-RXN ADENYLOSUCC DENOVOPURINE2-PWY

ADENYLOSUCCINATE-SYNTHASE-RXN GDP DENOVOPURINE2-PWY

AIRS-RXN 5-PHOSPHORIBOSYL-5-AMINOIMIDAZOLE DENOVOPURINE2-PWY

PEPCARBOXYKIN-RXN PHOSPHO-ENOL-PYRUVATE GLUCONEO-PWY

PEPSYNTH-RXN PHOSPHO-ENOL-PYRUVATE GLUCONEO-PWY

GLUTATHIONE-REDUCT-NADPH-RXN OXIDIZED-GLUTATHIONE GLUT-REDOX-PWY

PSERPHOSPHA-RXN SER GLYSYN-PWY

ATPPHOSPHORIBOSYLTRANS-RXN PHOSPHORIBOSYL-ATP HISTSYN-PWY

2-DEHYDROPANTOATE-REDUCT-RXN L-PANTOATE PANTO-PWY

DALADALALIG-RXN D-ALA-D-ALA PEPTIDOGLYCANSYN-PWY

UDP-NACMURALA-GLU-LIG-RXN UDP-AA-GLUTAMATE PEPTIDOGLYCANSYN-PWY

UDP-NACMURALGLDAPLIG-RXN UDP-AAGM-DIAMINOHEPTANEDIOATE PEPTIDOGLYCANSYN-PWY

PNPOXI-RXN PYRIDOXINE-5P PLPSAL-PWY

ORNDECARBOX-RXN PUTRESCINE POLYAMSYN-PWY

GDPPYPHOSKIN-RXN GUANOSINE-5DP-3DP PPGPPMET-PWY

PPPGPPHYDRO-RXN GUANOSINE-5DP-3DP PPGPPMET-PWY

CTPSYN-RXN CTP PWY0-162

DCTP-DEAM-RXN DUTP PWY0-166

NICONUCADENYLYLTRAN-RXN NICOTINATE_NUCLEOTIDE PYRIDNUCSYN-PWY

PNPOXI-RXN PYRIDOXINE-5P PYRIDOXSYN-PWY

NICONUCADENYLYLTRAN-RXN NICOTINATE_NUCLEOTIDE PYRNUCYC-PWY



Appendix 3.3B: Direct regulation of anabolism by pathway intermediates 

(distal-metabolite action)

Table listing anabolic reactions that  are regulated by intermediates belonging to the same 

pathway as the reaction. In all these cases, the regulatory  metabolite is distal to the regulated 

reaction in the metabolic network. All IDs are from Ecocyc 9.0.
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Appendix 3.4A: Direct regulation of anabolism by pathway end products 

(immediate product action)

Table listing anabolic reactions that are regulated by end products of the same pathway as the 

reaction. In all these cases, the regulatory metabolite is a product of the regulated reaction. All 

IDs are from Ecocyc 9.0.
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Appendix 3.4B: Direct regulation of anabolism by pathway end products 

(distal-metabolite action)

Table listing anabolic reactions that are regulated by end products of the same pathway as the 

reaction. In all these cases, the regulatory metabolite is distal to the regulated reaction in the 

metabolic network. 
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Appendix 3.5: Anabolic reactions, represented in the integrated regulatory 

network, directly consuming central metabolites

Table describing regulation of 15 anabolic reactions, consuming central metabolites, which are 

represented in either of the two regulatory networks. In the right-most column, green represents 

reactions known to be regulated by both mechanisms and red represents those for which only  one 

regulatory mechanism is known.

Appendix 3

A29

TF name Metabolite ID (if available)

2.5.1.19-RXN

3-ENOLPYRUVYL-SHIKIMATE-5P, 

PYRIDOXAL_PHOSPHATE lrp CAMP, LEU

ACETOLACTSYN-RXN 2-OXOBUTANOATE, ILE, LEU, VAL crp, lrp CAMP, LEU

ACETOOHBUTSYN-RXN VAL, LEU crp, lrp LEU

DAHPSYN-RXN L-ALPHA-ALANINE, PHE, TRP trpR, tyrR TRP, PHE, TYR

DIHYDRODIPICSYN-RXN LYS N/A N/A

ERYTH4PDEHYDROG-RXN PYRIDOXAL_PHOSPHATE crp, fruR

CAMP, FRU1P, FRUCTOSE-16-

DIPHOSPHATE

F16BDEPHOS-RXN

GLC-6-P, PHOSPHO-ENOL-

PYRUVATE N/A N/A

GLUTDEHYD-RXN GLN crp, nac CAMP

HOMSUCTRAN-RXN S-ADENOSYLMETHIONINE, MET metJ, metR

S-ADENOSYLMETHIONINE, HOMO-

CYS

MALIC-NADP-RXN

ACETYL-COA, cAMP, 

OXALACETIC_ACID N/A N/A

MALIC-NAD-RXN

ACETYL-COA, L-ASPARTATE, MAL, 

OXALACETIC_ACID N/A N/A

PEPCARBOXYKIN-RXN PHOSPHO-ENOL-PYRUVATE fruR

FRU1P, FRUCTOSE-16-

DIPHOSPHATE

PEPSYNTH-RXN PHOSPHO-ENOL-PYRUVATE fruR

FRU1P, FRUCTOSE-16-

DIPHOSPHATE

PGLYCDEHYDROG-RXN GLY, SER crp, lrp CAMP, LEU

PRPPSYN-RXN RIBOSE purR HYPOXANTHINE

Indirect regulation

Reaction ID Direct regulation Metabolite ID Overlap?
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Appendix 4.1: Occurrence of c-di-GMP proteins in different groups of 

organisms

We assess the distribution across taxonomic groups comprising 10 or more genomes in our 

dataset : Actinobacteria, Cyanobacteria, Euryarcheota, Firmicutes and Proteobacteria. To 

minimise the influence of genome size, we compare the percentage composition of c-di-GMP 

proteins rather than absolute numbers. Gram-negative Proteobacteria encode the largest 

proportions of c-di-GMP proteins, whereas all other groups of bacteria including gram-

positive species such as Firmicutes are relatively depleted. Among Proteobacteria, all 

divisions (ie, Alpha, Beta, Gamma, Delta) except Epsilon contain large numbers of c-di-GMP 

proteins. In line with previous observations, there are no c-di-GMP proteins in Archea. This is 

surprising as they are capable of processes such as biofilm formation that are mediated by c-

di-GMP in other prokaryotes. However, given that many  Archeal regulatory proteins (such as 

the basal transcriptional machinery) are more similar to that of eukaryotes, it  is likely  that 

distinct signalling mechanisms mediate these complex cellular processes. 

It has been suggested that Gram-positive organisms are evolutionarily more ancient than 

Gram-negative ones. Therefore, given the total absence of c-di-GMP proteins in Archea and 

Eukarya and their under-representation in Gram-positive organisms, we suggest that this 

signalling mechanism was acquired relatively recently, and experienced substantial lineage-

specific expansion in Proteobacteria. 

Host-associated organisms contain few c-di-GMP proteins; aquatic species 

contain many 

Next we investigate the distribution of c-di-GMP proteins across five different habitats: 

aquatic, host-associated, multiple, specialised and terrestrial. Specialised habitats include 

highly  adverse condition such as thermal vents; multiple refers to organisms that are capable 

of inhabiting a range of different types of habitats.

There is a clear paucity of c-di-GMP proteins in host-associated organisms (p=6.5 x 10-9). 

This can be explained by the obligate parasites that dominate in this group, which  have 

reduced metabolic and regulatory  capabilities because of life in a stable environment. In 

contrast, aquatic organisms encode the highest proportion of these genes; however as the 

distribution is broad, ranging from very  low to very high numbers, we do not observe a 

statistical enrichment compared with other habitats. It is surprising that organisms that live in 

multiple habitats do not differ in c-di-GMP protein content from average non-host-associated 

organisms, as they  would be expected to have to adapt to changing environments. This 

probably  indicates that control of motility and developmental processes, unlike metabolic 

processes, is not necessarily restricted to multiple-habitat organisms.
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Motile organisms are rich in c-di-GMP protein content; human pathogens are 

not

Finally, we examine whether specific phenotypes are associated with expanded or contracted 

repertoires of c-di-GMP proteins (Figure 3B). Motile organisms tend to encode far more c-di-

GMP proteins than non-motile organisms (p<2.2 x 10-16). This is in agreement with the 

known function of c-di-GMP in regulating the transition between motile and sessile states 

based on earlier molecular experiments. A notable exception to this rule is the recently 

sequenced Proteus mirabilis - a model organism for swarming motility  - which encodes for 

only a single GGDEF-domain protein, possibly suggesting the presence of alternative 

mechanisms in regulating this process in this organism. 

In general, human pathogens have fewer c-di-GMP proteins than non-pathogens (Figure 3B; 

p=5.2 x 10-8), although there are exceptions such as the Vibrios. This is unexpected given the 

documented role of c-di-GMP in controlling virulence gene expression. A possible 

explanation is that as c-di-GMP represses virulence, the signalling system is not required in 

organisms that operate under a persistent pathogenic state. Our analysis does not 

systematically  study plant pathogens since our dataset is not representative of this class of 

organisms. However, we note here that several genomes of plant pathogens belonging to the 

genus Xanthomonas, present in our dataset, are rich in c-di-GMP proteins.

Relative importance of taxonomy, habitat and phenotype on c-di-GMP gene 

count

Having looked at  the independent effects of taxonomy, habitat and phenotype, we now 

estimate the relative contribution of these properties in determining whether an organism has 

high or low c-di-GMP content (Methods). We tested statistically, the influence of the two 

major taxonomic groups (Firmicutes and Proteobacteria), three most populated habitats (host-

associated, aquatic and multiple), and the phenotypes (motility and pathogenecity). 

Unsurprisingly, the Proteobacteria phylogenetic classification and motile phenotype are the 

most important determinants for high c-di-GMP protein content. The most significant 

contributors to low c-di-GMP numbers are the host-associated habitat and pathogenecity. 

Though we noted earlier that  Firmicutes and aquatic bacteria have small numbers of c-di-

GMP genes, we find these observations can be explained by the habitat or phenotype. Thus 

most host-associated and pathogenic Firmicutes have no c-di-GMP proteins, whereas others 

such as those in multiple habitats, contain about the average number across all organisms. 

Equal numbers of aquatic organisms are almost equally present  in the high and low c-di-

GMP protein categories.
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We can expand the analysis to investigate whether there are any pair-wise interactions 

between taxonomy, habitat, motility  and pathogenicity that contribute to c-di-GMP count 

(Figure below). Host-associated organisms within each taxonomic group  and among 

pathogens and non-pathogens have significantly  lower c-di-GMP percentages than members 

of the other habitats within these groups. However, among motile organisms, there is little 

difference between Host-associated and other organisms: nearly half of host-associated motile 

organisms would fall into the "high" group  defined above. Manual inspection of this class of 

organisms reveals three factors that contribute to this observation: 

(1) The nature of the classification system that places organisms such as E. coli and 

Salmonella in the host-associated group, alongside obligate parasites, probably due to the 

nature of their most common natural habitat, influences this distribution. These organisms 

are motile and are versatile and therefore contain relatively high percentages of c-di-GMP 

proteins. This also explains the observation that, within the division of Proteobacteria, 

though host-associated organisms have relatively fewer c-di-GMP proteins, the median of 

the distribution of c-di-GMP percentages is still slightly higher than the overall median. 

(2) As illustrated by  the example of Legionella pneumophila, which is a parasite of Protozoa 

and can infect humans, organisms that are host-associated but probably  make use of a life 

cycle that can span more than one host, code for more c-di-GMP proteins. One or more of 

these systems could determine the shift from a parasitic life-style in the protozoan host to 

a pathogenic response in humans; there is evidence from microarray experiments 

implicating c-di-GMP in Legionella transitioning from a replicative to a transmissive 

phase of growth. 

(3) Interestingly, plant  pathogens such as Xanthomonas campestris, that live exclusively in the 

plant host and not as free-living organisms in the soil, have a disproportionately  high 

number and percentage of c-di-GMP proteins. These systems could determine 

transmission across tissues and from one plant to another. It is of interest to note that the 

relatively rare phospho-di-esterase domain HD-GYP was first characterised in this 

organism. Given the economic importance of this pathogen - as a cause of disease in 

important crops including rice and as a commercial producer of the exopolysaccharide 

xanthan - it is clearly important to systematically characterise the roles of the many c-di-

GMP proteins in the pathogenic process. 

The above analysis reveals certain other trends of interest. Most  host-associated and / or 

pathogenic Firmicutes have no c-di-GMP protein; other Firmicutes, namely, those in multiple 

habitats, those that are non-pathogenic or motile, have higher percentages approximately 

equal to the overall median. Nearly three-fourths of aquatic Proteobacteria have very high c-

di-GMP percentages: this clearly extracts the subset  of aquatic organisms that are extremely 

rich in c-di-GMP proteins. Finally, motile pathogens do not differ from non-motile pathogens 

in this respect: this is partly explained by the three reasons illustrated above.
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Appendix 5.1A: PFAMs for bacterial transcription factors
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Appendix 5.1B: PFAMs for bacterial small-molecule-binding proteins
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Appendix 5.1C: PFAMs for bacterial histidine kinases
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Appendix 5.2A: Transcription factors in short-read metagenomes

Barplot showing the fraction of reads from short-read metagenomes (Dinsdale et al. 2008) which 

map to DNA-binding domains.
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Appendix 5.2B: Small-molecule-binding proteins in short-read metagenomes

Barplot showing the fraction of reads from short-read metagenomes (Dinsdale et al. 2008) which 

map to small-molecule-binding domains.
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Appendix 5.2C: Histidine kinases in short-read metagenomes

Barplot showing the fraction of reads from short-read metagenomes (Dinsdale et al. 2008) which 

map to histidine kinase domains.
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Appendix 5.3: Organisms showing enrichment for two-component systems

Table listing genomes which show an enrichment for two-component systems. Three sets of p-

values, for TFs, SMBPs and HKs, are negative-log transformed and listed here. A positive p-

value represents enrichment and a negative p-value under-representation. All p-values greater 

than 0.01 (absolute log score < 2) are marked as 0 or insignificant.
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KEGG code KEGG organism name DBD log pv SM log pv HK log pv

aba Acidobacteria bacterium -21.0784277 0 28.4174202

ade Anaeromyxobacter dehalogenans 0 -13.3760456 12.27392346

ana Anabaena sp. PCC7120 -18.7265764 0 2.20181624

ava Anabaena variabilis -2.53265884 0 3.222315704

bba Bdellovibrio bacteriovorus -21.8505718 0 30.37244403

bfr Bacteroides fragilis YCH46 -2.25778492 0 2.035046725

bfs Bacteroides fragilis NCTC9343 -14.2430833 0 13.58884769

bth Bacteroides thetaiotaomicron 0 0 3.741059662

ccr Caulobacter crescentus -18.5391726 3.097276469 5.22726349

chu Cytophaga hutchinsonii -4.4851051 0 9.68072308

dar Dechloromonas aromatica -18.5550261 0 4.120517843

dvu Desulfovibrio vulgaris Hildenborough -3.42191477 0 3.287575966

gme Geobacter metallireducens 0 0 2.04591314

gsu Geobacter sulfurreducens -13.7054094 2.439094434 3.1941732

gvi Gloeobacter violaceus 0 0 2.693526441

hma Haloarcula marismortui -18.7265764 2.057803521 17.48309158

lic Leptospira interrogans serovar Copenhageni -38.3537861 6.867442662 9.148712948

lil Leptospira interrogans serovar lai -29.0878223 13.61816968 6.247615438

mac Methanosarcina acetivorans -2.15317241 0 2.884078715

mag Magnetospirillum magneticum -13.7054094 0 16.11122014

mbu Methanococcoides burtonii 0 0 4.660147804

mhu Methanospirillum hungatei 0 0 3.405376665

mxa Myxococcus xanthus -17.3218945 0 3.976777897

nha Nitrobacter hamburgensis 0 0 3.140666101

rba Rhodopirellula baltica 0 -12.8597366 5.896322258

sru Salinibacter ruber -2.15317241 0 2.20181624

syn Cyanobacteria Synechocystis sp. PCC6803 -14.1617565 3.96053814 2.44204295

tdn Thiomicrospira denitrificans -19.7140251 3.363382729 5.896322258

ter Trichodesmium erythraeum 0 -12.1758996 5.785963024

xac Xanthomonas axonopodis -21.6551163 2.089541053 10.43009626

xcc Xanthomonas campestris pv. campestris ATCC 33913 -2.04035614 0 3.1941732

xcv Xanthomonas campestris pv. vesicatoria -4.23883939 0 8.064844961

xoo Xanthomonas oryzae KACC10331 -8.81930788 0 7.470527857



Appendix 5.4: HK content of aerobic and anaerobic nitrogen-fixing bacteria

Boxplots comparing the distribution of the fraction of HKs among regulatory proteins between 

aerobic and anaerobic nitrogen-fixing bacteria.
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Appendix 5.5: Partner domain content of hybrid kinases

Correlation plots showing ranks of partner domains of HKs (right) and RRs (left) versus hybrid 

HK-RRs. The rank is defined by the number of partner domains with occurrence greater than the 

domain concerned. Correlation is particularly high between HKs and hybrid HK-RRs among the 

most common partner domains (green box); this is not the case with RRs (red box). 
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Appendix 5.6A: Some confounding factors in HK-RR relationships

We note that the number of HKs is clearly  not matched by  any type of RRs in certain organisms. 

In two genomes of Anabaena, 125 and 129 HKs are covered by only 71 and 79 RRs. In B. 

thetaiotaomicron, there are only 29 RRs against 82 HKs. It is interesting that ~45% of HKs in 

Anabaena and ~50% in B. thetaiotaomicron are hybrid kinases (compared to ~33% in E. coli and 

~31% in M. xanthus). Hybrid HKs involving bonafide two-component phosphorelays include 

well-known examples: the redox-sensing hybrid HK ArcB, an orphan in E. coli, which 

phosphorylates a downstream global TF ArcA, encoded on a different genomic locus, albeit 

involving more intricate biochemical reactions than the average non-hybrid kinase (Georgellis et 

al. 1998; Georgellis et  al. 1997). However, some hybrid HKs may  not interact  with a separate 

RR: for example, the output of a polysaccharide-responsive hybrid kinase in B. thetaiotaomicron 

appears to be protein-protein interactions with glycolytic enzymes rather than with a downstream 

receiver protein (Sonnenburg et al. 2006). This might be widespread as we observe that only 

under 27% (555 of 2,083) of all hybrid HKs contain the Hpt domain which is implicated in the 

phosphorelay  in hybrid proteins. Therefore, it is intriguing to speculate on a widespread 

occurrence of non-two-component interactions involving hybrid HKs at least in some organisms 

where their numbers are elevated and not balanced by RR proteins. 

A second confounding factor is the presence of RRs with no output / partner domains, called 

single-domain RRs (SDRRs). In such systems, the output  function might be encoded in a separate 

protein (Jenal and Galperin 2009), for example, the CheY response regulator involved in control 

of chemotaxis. This protein is not  the only target of its cognate kinase and is representative of a 

branched two-component pathway (Laub and Goulian 2007). Another known role for such 

proteins is feedback control of HK activity (Paul et  al. 2008); this could lead to increased 

complexity in the two-component circuitry (Jenal and Galperin 2009) and might therefore 

contribute to differences between HK and RR numbers. In addition, a reduced percentage of 

SDRRs are encoded on the same operon as a non-hybrid or a Hpt-containing hybrid HK (29% 

compared to 52% for other RRs; PF < 2.2 x 10-16). Finally, at various thresholds calculated by a 

HK-RR mapping algorithm (Burger and van Nimwegen 2008), SDRRs tend to be associated with 

more HKs when compared to RRs with additional partner domains (Appendix 5.6B below), thus 

indicating greater complexity in signalling pathways involving SDRRs.

We tested the effect of the above two confounding factors by  taking into account only those HKs 

which are non-hybrid, or hybrid but containing the Hpt domain, and RRs which contain at least 

one partner domain. We note that this is a rough calculation given that  we do not know what 
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fraction of SDRRs would actually contribute to non-linearity in two-component signalling, and 

whether this fraction could be uniform across most genomes. Yet, this clearly  brings down the 

discrepancy between the numbers of HKs and RRs in many  genomes such that the absolute 

difference between the two numbers is 3 or less in a majority  of genomes. This difference is 40% 

less than what was reported earlier in this section, and the decrease in the discrepancy between 

HK and RR numbers is statistically  significant  (Pw = 5.1 x 10-7; Appendix 5.6C below). But, yet, 

there is substantial difference between the numbers of HKs and RRs for A. variabilis (76 and 49; 

compared to 125 and 71 earlier) and B. thetaiotaomicron (41 and 27; compared to 82 and 29 

earlier) indicating presence of many branched pathways, and / or non-two-component 

interactions involving HKs in these organisms. Interestingly, only 3 of 49 RRs (6%) in the 

extreme exception A. variabilis are encoded on the same operon as a HK, making it a clear outlier 

in this respect.  It has also been shown that HKs and RRs in this organism are also associated 

with protein domains involved in S/T/Y phosphorylation, adding an additional layer of 

complexity (Wang et  al. 2002). Alternatively, the role of acetyl phosphate, which can directly 

phosphorylate some RRs, in signal transduction cannot be ruled out: in fact, this molecule has 

been shown to compensate for the loss of a certain HK in the cyanobacteria Synechocystis 

(Morrison et al. 2005). 

However, our observations on the balance between transcriptional and other outputs of two-

component pathways are not affected by these interesting exceptions. 
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Appendix 5.6B: Complexity of two-component networks involving SDRRs

Distribution of number of HKs that  map against orphan RRs at three different score thresholds -

(left) 0.01; (middle) 0.05; (right) 0.1 - in the predictions made by Burger and van Nimwegen 

(2008). In each case, solid red line represents the distribution for SD-RRs and the dashed line 

represents that for RRs with additional partner domains.
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Appendix 5.6C: Non-hybrid HKs and RRs with partner domains

Distribution of the absolute difference between the numbers of HKs and RRs when all HKs and 

RRs are considered (all) and when only non-hybrid HKs and hybrid HKs with Hpt domains and 

partner domain-containing RRs are considered.
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Appendix 5.7: List of organisms enriched for cytoplasmic histidine kinases
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Appendix 5.8: List of organisms enriched for SMB transcription factors
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Appendix 5.9: Small-molecule-binding domains in metagenomes

Each column represents one PFAm and each row, a metagenome. The value in each cell is the 

occurrence of the PFAM concerned in that metagenome normalised by the highest occurrence of 

that PFAM across all five metagenomes. Thus dark blue in each column corresponds to that 

metagenome which is has the highest  occurrence of that  PFAM. Occurrence is defined as the 

fraction of genes predicted in a given metagenome that maps against the PFAM of interest.
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Appendix 6

List of genomes used in chapter 1



(Organism names derived from Genbank)

1. Escherichia coli W3110 DNA

2. Chlamydia trachomatis D/UW-3/CX

3. Thermotoga maritima MSB8

4. Aeropyrum pernix K1

5. Pyrococcus abyssi GE5

6. Haemophilus influenzae Rd KW20

7. Mycoplasma genitalium G37

8. Methanocaldococcus jannaschii DSM 2661

9. Synechocystis sp. PCC 6803

10. Mycoplasma pneumoniae M129

11. Escherichia coli str. K-12 substr. MG1655

12. Helicobacter pylori 26695

13. Methanothermobacter thermautotrophicus str. Delta H

14. Archaeoglobus fulgidus DSM 4304

15. Aquifex aeolicus VF5

16. Treponema pallidum subsp. pallidum str. Nichols

17. Helicobacter pylori J99

18. Chlamydophila pneumoniae CWL029

19. Pyrococcus horikoshii OT3

20. Mycobacterium tuberculosis H37Rv

21. Rickettsia prowazekii str. Madrid E

22. Bacillus subtilis subsp. subtilis str. 168

23. Borrelia burgdorferi B31

24. Methanocaldococcus jannaschii DSM 2661 extrachromosomal

25. Methanocaldococcus jannaschii DSM 2661 extrachromosomal

26. Ureaplasma parvum serovar 3 str. ATCC 700970

27. Campylobacter jejuni subsp. jejuni NCTC 11168

28. Chlamydophila pneumoniae AR39

29. Xylella fastidiosa 9a5c

30. Chlamydophila pneumoniae J138

31. Pseudomonas aeruginosa PAO1

32. Buchnera aphidicola str. APS (Acyrthosiphon pisum)

33. Bacillus halodurans C-125

34. Thermoplasma acidophilum DSM 1728

35. Halobacterium sp. NRC-1

36. Chlamydia muridarum Nigg

37. Escherichia coli O157:H7 EDL933

38. Lactococcus lactis subsp. lactis Il1403

39. Pasteurella multocida subsp. multocida str. Pm70

40. Mycobacterium leprae TN

41. Mesorhizobium loti MAFF303099

42. Thermoplasma volcanium GSS1

43. Escherichia coli O157:H7 str. Sakai

44. Caulobacter crescentus CB15

45. Streptococcus pyogenes M1 GAS

46. Staphylococcus aureus subsp. aureus N315

47. Sulfolobus solfataricus P2
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48. Mycobacterium tuberculosis CDC1551

49. Staphylococcus aureus subsp. aureus Mu50

50. Mycoplasma pulmonis UAB CTIP

51. Bordetella bronchiseptica RB50

52. Bordetella parapertussis 12822

53. Bordetella pertussis Tohama I

54. Chlorobium tepidum TLS

55. Corynebacterium diphtheriae NCTC 13129

56. Dehalococcoides ethenogenes 195

57. Desulfovibrio vulgaris subsp. vulgaris str. Hildenborough

58. Geobacter sulfurreducens PCA

59. Haemophilus ducreyi 35000HP

60. Legionella pneumophila subsp. pneumophila str. Philadelphia 1

61. Mycobacterium avium subsp. paratuberculosis K-10

62. Mycobacterium bovis AF2122/97

63. Neisseria gonorrhoeae FA 1090

64. Pseudomonas putida KT2440

65. Porphyromonas gingivalis W83

66. Staphylococcus aureus subsp. aureus COL

67. Staphylococcus aureus subsp. aureus MRSA252

68. Staphylococcus aureus subsp. aureus MSSA476

69. Treponema denticola ATCC 35405

70. Coxiella burnetii RSA 493

71. Listeria monocytogenes str. 4b F2365

72. Staphylococcus epidermidis RP62A

73. Methylococcus capsulatus str. Bath

74. Wolbachia endosymbiont of Drosophila melanogaster

75. Streptococcus pneumoniae TIGR4

76. Clostridium acetobutylicum ATCC 824

77. Sinorhizobium meliloti 1021

78. Streptococcus pneumoniae R6

79. Rickettsia conorii str. Malish 7

80. Sulfolobus tokodaii str. 7

81. Neisseria meningitidis MC58

82. Neisseria meningitidis Z2491

83. Yersinia pestis CO92

84. Streptomyces avermitilis MA-4680

85. Salmonella typhimurium LT2

86. Salmonella enterica subsp. enterica serovar Typhi str. CT18

87. Listeria monocytogenes EGD-e

88. Listeria innocua Clip11262

89. Bacteroides fragilis NCTC 9343

90. Nostoc sp. PCC 7120

91. Ralstonia solanacearum GMI1000

92. Chlamydophila caviae GPIC

93. Pyrobaculum aerophilum str. IM2

94. Clostridium perfringens str. 13

95. Pyrococcus furiosus DSM 3638
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96. Corynebacterium glutamicum ATCC 13032

97. Fusobacterium nucleatum subsp. nucleatum ATCC 25586

98. Streptococcus pyogenes MGAS8232

99. Methanopyrus kandleri AV19

100. Methanosarcina acetivorans C2A

101. Thermoanaerobacter tengcongensis MB4

102. Streptomyces coelicolor A3(2)

103. Methanosarcina mazei Go1

104. Xanthomonas campestris pv. campestris str. ATCC 33913

105. Bacillus cereus ATCC 10987

106. Colwellia psychrerythraea 34H

107. Silicibacter pomeroyi DSS-3

108. Campylobacter jejuni RM1221

109. Xanthomonas axonopodis pv. citri str. 306

110. Staphylococcus aureus subsp. aureus MW2

111. Bacillus anthracis str. Ames

112. Buchnera aphidicola str. Sg (Schizaphis graminum)

113. Streptococcus pyogenes MGAS315

114. Yersinia pestis KIM

115. Thermosynechococcus elongatus BP-1

116. Streptococcus agalactiae 2603V/R

117. Pseudomonas fluorescens Pf-5

118. Oceanobacillus iheyensis HTE831

119. Bifidobacterium longum NCC2705

120. Shigella flexneri 2a str. 301

121. Wigglesworthia glossinidia endosymbiont of Glossina brevipalpis

122. Shewanella oneidensis MR-1

123. Streptococcus mutans UA159

124. Streptococcus agalactiae NEM316

125. Corynebacterium efficiens YS-314

126. Escherichia coli CFT073

127. Mycoplasma penetrans HF-2

128. Vibrio vulnificus CMCP6 chromosome I

129. Staphylococcus epidermidis ATCC 12228

130. Bradyrhizobium japonicum USDA 110

131. Buchnera aphidicola str. Bp (Baizongia pistaciae)

132. Erwinia carotovora subsp. atroseptica SCRI1043

133. Tropheryma whipplei TW08/27

134. Chlamydophila abortus S26/3

135. Xylella fastidiosa Temecula1

136. Clostridium tetani E88

137. Lactobacillus plantarum WCFS1

138. Tropheryma whipplei str. Twist

139. Pseudomonas syringae pv. tomato str. DC3000

140. Streptococcus pyogenes SSI-1

141. Salmonella enterica subsp. enterica serovar Typhi Ty2

142. Bacteroides thetaiotaomicron VPI-5482

143. Enterococcus faecalis V583
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144. Bacillus cereus ATCC 14579

145. Shigella flexneri 2a str. 2457T

146. Nitrosomonas europaea ATCC 19718

147. Mycoplasma gallisepticum R

148. Anaplasma marginale str. St. Maries

149. Helicobacter hepaticus ATCC 51449

150. Rhodopirellula baltica SH 1

151. Prochlorococcus marinus subsp. marinus str. CCMP1375

152. Chlamydophila pneumoniae TW-183

153. Candidatus Blochmannia floridanus

154. Synechococcus sp. WH 8102

155. Prochlorococcus marinus str. MIT 9313

156. Prochlorococcus marinus subsp. pastoris str. CCMP1986

157. Chromobacterium violaceum ATCC 12472

158. Wolinella succinogenes DSM 1740

159. Gloeobacter violaceus PCC 7421

160. Photorhabdus luminescens subsp. laumondii TTO1

161. Nanoarchaeum equitans Kin4-M

162. Ehrlichia ruminantium str. Welgevonden

163. Rhodopseudomonas palustris CGA009

164. Onion yellows phytoplasma OY-M

165. Lactobacillus johnsonii NCC 533

166. Bdellovibrio bacteriovorus HD100

167. Mycoplasma mycoides subsp. mycoides SC str. PG1

168. Pseudomonas syringae pv. phaseolicola 1448A

169. Methanococcus maripaludis S2

170. Yersinia pestis biovar Microtus str. 91001

171. Thermus thermophilus HB27

172. Candidatus Protochlamydia amoebophila UWE25

173. Picrophilus torridus DSM 9790

174. Bacillus anthracis str. Sterne

175. Bartonella quintana str. Toulouse

176. Bartonella henselae str. Houston-1

177. Bacillus thuringiensis serovar konkukian str. 97-27

178. Acinetobacter sp. ADP1

179. Mesoplasma florum L1

180. Propionibacterium acnes KPA171202

181. Streptococcus pyogenes MGAS10394

182. Leifsonia xyli subsp. xyli str. CTCB07

183. Desulfotalea psychrophila LSv54

184. Rickettsia typhi str. Wilmington

185. Yersinia pseudotuberculosis IP 32953

186. Symbiobacterium thermophilum IAM 14863

187. Bacillus licheniformis ATCC 14580

188. Bacillus cereus E33L

189. Mannheimia succiniciproducens MBEL55E

190. Bacillus licheniformis ATCC 14580

191. Bacteroides fragilis YCH46
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192. Mycoplasma hyopneumoniae 232

193. Nocardia farcinica IFM 10152

194. Legionella pneumophila str. Paris

195. Legionella pneumophila str. Lens

196. Streptococcus thermophilus LMG 18311

197. Streptococcus thermophilus CNRZ1066

198. Thermus thermophilus HB8

199. Geobacillus kaustophilus HTA426

200. Salmonella enterica subsp. enterica serovar Paratyphi A str. ATCC 9150

201. Idiomarina loihiensis L2TR

202. Azoarcus sp. EbN1

203. Zymomonas mobilis subsp. mobilis ZM4

204. Francisella tularensis subsp. tularensis Schu 4

205. Synechococcus elongatus PCC 6301

206. Bacillus clausii KSM-K16

207. Thermococcus kodakarensis KOD1

208. Gluconobacter oxydans 621H

209. Lactobacillus acidophilus NCFM

210. Ehrlichia ruminantium str. Gardel

211. Ehrlichia ruminantium str. Welgevonden

212. Wolbachia endosymbiont strain TRS of Brugia malayi

213. Xanthomonas oryzae pv. oryzae KACC10331

214. Salmonella enterica subsp. enterica serovar Choleraesuis str. SC-B67

215. Mycoplasma mobile 163K

216. Corynebacterium glutamicum ATCC 13032

217. Pseudomonas syringae pv. syringae B728a

218. Xanthomonas campestris pv. campestris str. 8004

219. Rickettsia felis URRWXCal2

220. Haemophilus influenzae 86-028NP

221. Corynebacterium jeikeium K411

222. Staphylococcus haemolyticus JCSC1435

223. Sulfolobus acidocaldarius DSM 639

224. Psychrobacter arcticus 273-4

225. Candidatus Pelagibacter ubique HTCC1062

226. Candidatus Blochmannia pennsylvanicus str. BPEN

227. Mycoplasma synoviae 53

228. Mycoplasma hyopneumoniae J

229. Streptococcus pyogenes MGAS6180

230. Streptococcus pyogenes MGAS5005

231. Dechloromonas aromatica RCB

232. Mycoplasma hyopneumoniae 7448

233. Thermobifida fusca YX

234. Prochlorococcus marinus str. NATL2A

235. Staphylococcus saprophyticus subsp. saprophyticus ATCC 15305

236. Ehrlichia canis str. Jake

237. Dehalococcoides sp. CBDB1

238. Shigella sonnei Ss046

239. Thiobacillus denitrificans ATCC 25259
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240. Nitrobacter winogradskyi Nb-255

241. Anabaena variabilis ATCC 29413

242. Natronomonas pharaonis DSM 2160

243. Chlamydia trachomatis A/HAR-13

244. Streptococcus agalactiae A909

245. Pseudoalteromonas haloplanktis TAC125 chromosome I

246. Nitrosococcus oceani ATCC 19707

247. Pseudomonas fluorescens Pf0-1

248. Pelobacter carbinolicus DSM 2380

249. Carboxydothermus hydrogenoformans Z-2901

250. Xanthomonas campestris pv. vesicatoria str. 85-10

251. Pelodictyon luteolum DSM 273

252. Synechococcus sp. CC9902

253. Chlorobium chlorochromatii CaD3

254. Synechococcus sp. CC9605

255. Geobacter metallireducens GS-15

256. Desulfovibrio desulfuricans G20

257. Thiomicrospira crunogena XCL-2

258. Bacillus anthracis str. 'Ames Ancestor'

259. Sulfurimonas denitrificans DSM 1251

260. Lactobacillus sakei subsp. sakei 23K

261. Prochlorococcus marinus str. MIT 9312

262. Synechococcus elongatus PCC 7942

263. Shigella dysenteriae Sd197

264. Shigella boydii Sb227

265. Staphylococcus aureus RF122

266. Magnetospirillum magneticum AMB-1

267. Mycoplasma capricolum subsp. capricolum ATCC 27343

268. Rhodospirillum rubrum ATCC 11170

269. Moorella thermoacetica ATCC 39073

270. Hahella chejuensis KCTC 2396

271. Salinibacter ruber DSM 13855

272. Methanosphaera stadtmanae DSM 3091

273. Xanthomonas oryzae pv. oryzae MAFF 311018

274. Sodalis glossinidius str. 'morsitans'

275. Aster yellows witches'-broom phytoplasma AYWB

276. Erythrobacter litoralis HTCC2594

277. Syntrophus aciditrophicus SB

278. Anaeromyxobacter dehalogenans 2CP-C

279. Rhizobium etli CFN 42

280. Synechococcus sp. JA-3-3Ab

281. Synechococcus sp. JA-2-3B'a(2-13)

282. Frankia sp. CcI3

283. Rhodopseudomonas palustris HaA2

284. Staphylococcus aureus subsp. aureus USA300

285. Novosphingobium aromaticivorans DSM 12444

286. Staphylococcus aureus subsp. aureus NCTC 8325

287. Methanospirillum hungatei JF-1
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288. Anaplasma phagocytophilum HZ

289. Neorickettsia sennetsu str. Miyayama

290. Ehrlichia chaffeensis str. Arkansas

291. Jannaschia sp. CCS1

292. Francisella tularensis subsp. holarctica

293. Chlamydophila felis Fe/C-56

294. Desulfitobacterium hafniense Y51

295. Rhodoferax ferrireducens T118

296. Saccharophagus degradans 2-40

297. Rhodopseudomonas palustris BisB18

298. Lactobacillus salivarius UCC118

299. Rickettsia bellii RML369-C

300. Escherichia coli UTI89

301. Methylobacillus flagellatus KT

302. Polaromonas sp. JS666

303. Burkholderia xenovorans LB400 chromosome 2

304. Burkholderia xenovorans LB400 chromosome 3

305. Shewanella denitrificans OS217

306. Methanococcoides burtonii DSM 6242

307. Rhodopseudomonas palustris BisB5

308. Chromohalobacter salexigens DSM 3043

309. Nitrobacter hamburgensis X14

310. Psychrobacter cryohalolentis K5

311. Baumannia cicadellinicola str. Hc (Homalodisca coagulata)

312. Acidobacteria bacterium Ellin345

313. Lawsonia intracellularis PHE/MN1-00

314. Streptococcus pyogenes MGAS9429

315. Streptococcus pyogenes MGAS10270

316. Streptococcus pyogenes MGAS2096

317. Streptococcus pyogenes MGAS10750

318. Deinococcus geothermalis DSM 11300

319. Pseudomonas entomophila L48

320. Silicibacter sp. TM1040

321. Sphingopyxis alaskensis RB2256

322. Lactobacillus delbrueckii subsp. bulgaricus ATCC 11842

323. Helicobacter pylori HPAG1

324. Myxococcus xanthus DK 1622

325. Mycobacterium sp. MCS

326. Rubrobacter xylanophilus DSM 9941

327. Yersinia pestis Nepal516

328. Yersinia pestis Antiqua

329. Roseobacter denitrificans OCh 114

330. Haloquadratum walsbyi DSM 16790

331. Pseudoalteromonas atlantica T6c

332. Helicobacter acinonychis str. Sheeba

333. Francisella tularensis subsp. tularensis FSC198

334. Escherichia coli 536

335. Mesorhizobium sp. BNC1
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336. Cytophaga hutchinsonii ATCC 33406

337. Shigella flexneri 5 str. 8401

338. Alcanivorax borkumensis SK2

339. Clostridium perfringens ATCC 13124

340. Clostridium perfringens SM101

341. Clostridium phage phiSM101

342. Rhodococcus sp. RHA1

343. Borrelia afzelii PKo

344. Frankia alni ACN14a

345. Haemophilus somnus 129PT

346. Trichodesmium erythraeum IMS101

347. Synechococcus sp. CC9311

348. Shewanella sp. MR-4

349. Shewanella sp. MR-7

350. Alkalilimnicola ehrlichei MLHE-1

351. Granulibacter bethesdensis CGDNIH1

352. Nitrosomonas eutropha C91

353. Shewanella frigidimarina NCIMB 400

354. Syntrophomonas wolfei subsp. wolfei str. Goettingen

355. Maricaulis maris MCS10

356. Hyphomonas neptunium ATCC 15444

357. Francisella tularensis subsp. holarctica OSU18

358. Rhizobium leguminosarum bv. viciae 3841

359. Rhodopseudomonas palustris BisA53

360. Pseudomonas aeruginosa UCBPP-PA14

361. Lactobacillus brevis ATCC 367

362. Candidatus Carsonella ruddii PV

363. Buchnera aphidicola str. Cc (Cinara cedri)

364. Pediococcus pentosaceus ATCC 25745

365. Lactobacillus casei ATCC 334

366. Lactococcus lactis subsp. cremoris SK11

367. Oenococcus oeni PSU-1

368. Lactobacillus delbrueckii subsp. bulgaricus ATCC BAA-365

369. Lactobacillus gasseri ATCC 33323

370. Leuconostoc mesenteroides subsp. mesenteroides ATCC 8293

371. Streptococcus thermophilus LMD-9

372. Streptococcus pneumoniae D39

373. Solibacter usitatus Ellin6076

374. Methanosaeta thermophila PT

375. Syntrophobacter fumaroxidans MPOB

376. Listeria welshimeri serovar 6b str. SLCC5334

377. Escherichia coli APEC O1

378. Aeromonas hydrophila subsp. hydrophila ATCC 7966

379. Gramella forsetii KT0803

380. Magnetococcus sp. MC-1

381. Acidothermus cellulolyticus 11B

382. Clostridium novyi NT

383. Mycobacterium avium 104
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384. Mycobacterium smegmatis str. MC2 155

385. Campylobacter fetus subsp. fetus 82-40

386. Bacillus thuringiensis str. Al Hakam

387. Francisella tularensis subsp. novicida U112

388. Pelobacter propionicus DSM 2379

389. Candidatus Ruthia magnifica str. Cm (Calyptogena magnifica)

390. Mycobacterium ulcerans Agy99

391. Bifidobacterium adolescentis ATCC 15703

392. Chlorobium phaeobacteroides DSM 266

393. Thermofilum pendens Hrk 5

394. Nocardioides sp. JS614

395. Shewanella amazonensis SB2B

396. Pyrobaculum islandicum DSM 4184

397. Azoarcus sp. BH72

398. Mycobacterium sp. KMS

399. Psychromonas ingrahamii 37

400. Borrelia turicatae 91E135

401. Arthrobacter aurescens TC1

402. Mycobacterium vanbaalenii PYR-1

403. Marinobacter aquaeolei VT8

404. Shewanella sp. W3-18-1

405. Desulfovibrio vulgaris subsp. vulgaris DP4

406. Acidovorax avenae subsp. citrulli AAC00-1

407. Neisseria meningitidis FAM18

408. Mycobacterium bovis BCG str. Pasteur 1173P2

409. Polaromonas naphthalenivorans CJ2

410. Acidovorax sp. JS42

411. Bartonella bacilliformis KC583

412. Verminephrobacter eiseniae EF01-2

413. Campylobacter jejuni subsp. jejuni 81-176

414. Halorhodospira halophila SL1

415. Yersinia enterocolitica subsp. enterocolitica 8081

416. Prochlorococcus marinus str. AS9601

417. Prochlorococcus marinus str. MIT 9515

418. Hyperthermus butylicus DSM 5456

419. Prochlorococcus marinus str. NATL1A

420. Prochlorococcus marinus str. MIT 9303

421. Methylibium petroleiphilum PM1

422. Methanocorpusculum labreanum Z

423. Lactococcus lactis subsp. cremoris MG1363

424. Streptococcus sanguinis SK36

425. Clostridium thermocellum ATCC 27405

426. Staphylothermus marinus F1

427. Methanoculleus marisnigri JR1

428. Shewanella baltica OS155

429. Actinobacillus pleuropneumoniae L20

430. Pyrobaculum calidifontis JCM 11548

431. Mycobacterium sp. JLS
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432. Acinetobacter baumannii ATCC 17978

433. Clostridium difficile 630

434. Prochlorococcus marinus str. MIT 9301

435. Shewanella loihica PV-4

436. Methanococcus maripaludis C5

437. Herminiimonas arsenicoxydans

438. Saccharopolyspora erythraea NRRL 2338

439. Desulfotomaculum reducens MI-1

440. Francisella tularensis subsp. tularensis WY96-3418

441. Geobacillus thermodenitrificans NG80-2

442. Streptococcus pyogenes str. Manfredo

443. Prosthecochloris vibrioformis DSM 265

444. Mycobacterium gilvum PYR-GCK

445. Corynebacterium glutamicum R

446. Aeromonas salmonicida subsp. salmonicida A449

447. Pyrobaculum arsenaticum DSM 13514

448. Polynucleobacter sp. QLW-P1DMWA-1

449. Salinispora tropica CNB-440

450. Yersinia pestis Pestoides F

451. Rhodobacter sphaeroides ATCC 17025

452. Pseudomonas stutzeri A1501

453. Enterobacter sp. 638

454. Caldicellulosiruptor saccharolyticus DSM 8903

455. Shewanella putrefaciens CN-32

456. Pseudomonas mendocina ymp

457. Metallosphaera sedula DSM 5348

458. Flavobacterium johnsoniae UW101

459. Streptococcus suis 05ZYH33

460. Streptococcus suis 98HAH33

461. Bradyrhizobium sp. ORS278

462. Dichelobacter nodosus VCS1703A

463. Pelotomaculum thermopropionicum SI

464. Dehalococcoides sp. BAV1

465. Candidatus Vesicomyosocius okutanii HA

466. Clavibacter michiganensis subsp. michiganensis NCPPB 382

467. Synechococcus sp. WH 7803

468. Synechococcus sp. RCC307

469. Geobacter uraniireducens Rf4

470. Acidiphilium cryptum JF-5

471. Bradyrhizobium sp. BTAi1

472. Thermotoga petrophila RKU-1

473. Staphylococcus aureus subsp. aureus JH9

474. Orientia tsutsugamushi Boryong

475. Legionella pneumophila str. Corby

476. Clostridium botulinum A str. ATCC 3502

477. Mycoplasma agalactiae PG2

478. Sphingomonas wittichii RW1

479. Pseudomonas putida F1
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480. Lactobacillus reuteri F275

481. Methanobrevibacter smithii ATCC 35061

482. Roseiflexus sp. RS-1

483. Psychrobacter sp. PRwf-1

484. Mycobacterium tuberculosis H37Ra

485. Mycobacterium tuberculosis F11

486. Haemophilus influenzae PittEE

487. Haemophilus influenzae PittGG

488. Flavobacterium psychrophilum JIP02/86

489. Bacteroides vulgatus ATCC 8482

490. Parabacteroides distasonis ATCC 8503

491. Thermosipho melanesiensis BI429

492. Clostridium beijerinckii NCIMB 8052

493. Staphylococcus aureus subsp. aureus JH1

494. Alkaliphilus metalliredigens QYMF

495. Methanococcus vannielii SB

496. Methanococcus aeolicus Nankai-3

497. Sinorhizobium medicae WSM419

498. Methanococcus maripaludis C7

499. Staphylococcus aureus subsp. aureus str. Newman

500. Klebsiella pneumoniae subsp. pneumoniae MGH 78578

501. Marinomonas sp. MWYL1

502. Actinobacillus succinogenes 130Z

503. Pseudomonas aeruginosa PA7

504. Janthinobacterium sp. Marseille

505. Nitratiruptor sp. SB155-2

506. Sulfurovum sp. NBC37-1

507. Kineococcus radiotolerans SRS30216

508. Shewanella baltica OS185

509. Bacillus cereus subsp. cytotoxis NVH 391-98

510. Anaeromyxobacter sp. Fw109-5

511. Clostridium botulinum A str. ATCC 19397

512. Clostridium botulinum A str. Hall

513. Clostridium botulinum F str. Langeland

514. Clostridium kluyveri DSM 555

515. Campylobacter jejuni subsp. doylei 269.97

516. Yersinia pseudotuberculosis IP 31758

517. Candidatus Methanoregula boonei 6A8

518. Campylobacter hominis ATCC BAA-381

519. Campylobacter curvus 525.92

520. Fervidobacterium nodosum Rt17-B1

521. Parvibaculum lavamentivorans DS-1

522. Xanthobacter autotrophicus Py2

523. Bacillus amyloliquefaciens FZB42

524. Coxiella burnetii Dugway 5J108-111

525. Francisella tularensis subsp. holarctica FTNF002-00

526. Roseiflexus castenholzii DSM 13941

527. Ignicoccus hospitalis KIN4/I
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528. Enterobacter sakazakii ATCC BAA-894

529. Staphylococcus aureus subsp. aureus Mu3

530. Vibrio harveyi ATCC BAA-1116 chromosome I

531. Streptococcus gordonii str. Challis substr. CH1

532. Citrobacter koseri ATCC BAA-895

533. Escherichia coli HS

534. Escherichia coli E24377A

535. Campylobacter concisus 13826

536. Thermotoga lettingae TMO

537. Shewanella sediminis HAW-EB3

538. Serratia proteamaculans 568

539. Campylobacter jejuni subsp. jejuni 81116

540. Prochlorococcus marinus str. MIT 9215

541. Bacillus pumilus SAFR-032

542. Arcobacter butzleri RM4018

543. Rickettsia canadensis str. McKiel

544. Rickettsia akari str. Hartford

545. Rickettsia rickettsii str. 'Sheila Smith'

546. Rickettsia bellii OSU 85-389

547. Rickettsia massiliae MTU5

548. Shewanella pealeana ATCC 700345

549. Frankia sp. EAN1pec

550. Alkaliphilus oremlandii OhILAs

551. Acaryochloris marina MBIC11017

552. Azorhizobium caulinodans ORS 571

553. Candidatus Desulfococcus oleovorans Hxd3

554. Dinoroseobacter shibae DFL 12

555. Salinispora arenicola CNS-205

556. Caldivirga maquilingensis IC-167

557. Herpetosiphon aurantiacus ATCC 23779

558. Methanococcus maripaludis C6

559. Prochlorococcus marinus str. MIT 9211

560. Shewanella baltica OS195

561. Clostridium phytofermentans ISDg

562. Delftia acidovorans SPH-1

563. Petrotoga mobilis SJ95

564. Salmonella enterica subsp. arizonae serovar 62:z4

565. Staphylococcus aureus subsp. aureus USA300_TCH1516

566. Lactobacillus helveticus DPC 4571

567. Nitrosopumilus maritimus SCM1

568. Salmonella enterica subsp. enterica serovar Paratyphi B str. SPB7

569. Coxiella burnetii RSA 331

570. Candidatus Sulcia muelleri GWSS

571. Neisseria meningitidis 053442

572. Gluconacetobacter diazotrophicus PAl 5

573. Yersinia pestis Angola

574. Bartonella tribocorum CIP 105476

575. Sorangium cellulosum 'So ce 56'
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576. Acholeplasma laidlawii PG-8A

577. Renibacterium salmoninarum ATCC 33209

578. Bordetella petrii DSM 12804

579. Methylobacterium extorquens PA1

580. Chloroflexus aurantiacus J-10-fl

581. Bacillus weihenstephanensis KBAB4

582. Rickettsia rickettsii str. Iowa

583. Actinobacillus pleuropneumoniae serovar 3 str. JL03

584. Chlamydia trachomatis L2b/UCH-1/proctitis

585. Chlamydia trachomatis 434/Bu

586. Microcystis aeruginosa NIES-843

587. Thermoanaerobacter sp. X514

588. Thermoanaerobacter pseudethanolicus ATCC 33223

589. Pseudomonas putida GB-1

590. Shewanella halifaxensis HAW-EB4

591. Francisella philomiragia subsp. philomiragia ATCC 25017

592. Heliobacterium modesticaldum Ice1

593. Caulobacter sp. K31

594. Halobacterium salinarum R1

595. Finegoldia magna ATCC 29328

596. Streptococcus pneumoniae Hungary19A-6

597. Lysinibacillus sphaericus C3-41

598. Mycobacterium abscessus plasmid

599. Acinetobacter baumannii

600. Clavibacter michiganensis subsp. sepedonicus

601. Acinetobacter baumannii AYE

602. Candidatus Desulforudis audaxviator MP104C

603. Yersinia pseudotuberculosis YPIII

604. Escherichia coli ATCC 8739

605. Leuconostoc citreum KM20

606. Escherichia coli str. K-12 substr. DH10B

607. Synechococcus sp. PCC 7002

608. Candidatus Korarchaeum cryptofilum OPF8

609. Thermotoga sp. RQ2

610. Escherichia coli SMS-3-5

611. Pseudomonas putida W619

612. Ureaplasma parvum serovar 3 str. ATCC 27815

613. Methylobacterium radiotolerans JCM 2831

614. Shewanella woodyi ATCC 51908

615. Methylobacterium sp. 4-46

616. Xylella fastidiosa M12

617. Clostridium botulinum B1 str. Okra

618. Haemophilus somnus 2336

619. Clostridium botulinum A3 str. Loch Maree

620. Leptothrix cholodnii SP-6

621. Thermoproteus neutrophilus V24Sta

622. Cupriavidus taiwanensis

623. Cupriavidus taiwanensis
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624. Polynucleobacter necessarius STIR1

625. Candidatus Phytoplasma australiense

626. Corynebacterium urealyticum DSM 7109

627. Proteus mirabilis HI4320

628. Exiguobacterium sibiricum 255-15

629. Opitutus terrae PB90-1

630. Streptomyces griseus subsp. griseus NBRC 13350

631. Xylella fastidiosa M23

632. Beijerinckia indica subsp. indica ATCC 9039

633. Streptococcus pneumoniae CGSP14

634. Lactobacillus reuteri F275

635. Lactobacillus fermentum IFO 3956

636. Acinetobacter baumannii ACICU

637. Mycobacterium marinum M

638. Kocuria rhizophila DC2201

639. Nostoc punctiforme PCC 73102

640. Yersinia pseudotuberculosis PB1/+

641. Elusimicrobium minutum Pei191

642. Bordetella avium 197N

643. Akkermansia muciniphila ATCC BAA-835

644. Shigella boydii CDC 3083-94

645. Borrelia hermsii DAH

646. Clostridium botulinum B str. Eklund 17B

647. Francisella tularensis subsp. mediasiatica FSC147

648. Xanthomonas campestris pv. campestris

649. Erwinia tasmaniensis

650. Helicobacter pylori Shi470

651. Xanthomonas oryzae pv. oryzae PXO99A

652. Natranaerobius thermophilus JW/NM-WN-LF

653. Clostridium botulinum E3 str. Alaska E43

654. Methylobacterium populi BJ001

655. Porphyromonas gingivalis ATCC 33277

656. Sulfurihydrogenibium sp. YO3AOP1

657. Treponema pallidum subsp. pallidum SS14

658. Orientia tsutsugamushi str. Ikeda

659. Methylacidiphilum infernorum V4

660. Chlorobium limicola DSM 245

661. Geobacter lovleyi SZ

662. Bifidobacterium longum DJO10A

663. Candidatus Amoebophilus asiaticus 5a2

664. Chlorobium phaeobacteroides BS1

665. Actinobacillus pleuropneumoniae serovar 7 str. AP76

666. Stenotrophomonas maltophilia K279a

667. Wolbachia pipientis

668. Rhizobium etli CIAT 652

669. Cellvibrio japonicus Ueda107

670. Lactobacillus casei

671. Burkholderia cenocepacia J2315 chromosome 1
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672. Burkholderia cenocepacia J2315 chromosome 2

673. Burkholderia cenocepacia J2315 chromosome 3

674. Rhodopseudomonas palustris TIE-1

675. Mycoplasma arthritidis 158L3-1

676. Chloroherpeton thalassium ATCC 35110

677. Chlorobaculum parvum NCIB 8327

678. Neisseria gonorrhoeae NCCP11945

679. Candidatus Phytoplasma mali

680. Prosthecochloris aestuarii DSM 271

681. Pelodictyon phaeoclathratiforme BU-1

682. Stenotrophomonas maltophilia R551-3

683. Streptococcus pneumoniae G54

684. Salmonella enterica subsp. enterica serovar Newport str. SL254

685. Salmonella enterica subsp. enterica serovar Heidelberg str. SL476

686. Salmonella enterica subsp. enterica serovar Schwarzengrund str. CVM19633

687. Hydrogenobaculum sp. Y04AAS1

688. Streptococcus equi subsp. zooepidemicus MGCS10565

689. Alteromonas macleodii 'Deep ecotype'

690. Phenylobacterium zucineum HLK1

691. Anaeromyxobacter sp. K

692. Geobacter bemidjiensis Bem

693. Salmonella enterica subsp. enterica serovar Paratyphi A str. AKU_12601

694. Salmonella enterica subsp. enterica serovar Agona str. SL483

695. Salmonella enterica subsp. enterica serovar Dublin str. CT_02021853

696. Acidithiobacillus ferrooxidans ATCC 53993

697. Borrelia duttonii Ly

698. Borrelia recurrentis A1

699. Salmonella enterica subsp. enterica serovar Gallinarum str. 287/91

700. Klebsiella pneumoniae 342

701. Salmonella enterica subsp. enterica serovar Enteritidis str. P125109

702. Coprothermobacter proteolyticus DSM 5265

703. Thermodesulfovibrio yellowstonii DSM 11347

704. Dictyoglomus thermophilum H-6-12

705. Aliivibrio salmonicida LFI1238 chromosome 1

706. Aliivibrio salmonicida LFI1238 chromosome 2

707. Helicobacter pylori G27

708. Escherichia coli O157:H7 str. EC4115

709. Rhizobium leguminosarum bv. trifolii WSM2304

710. Ureaplasma urealyticum serovar 10 str. ATCC 33699

711. Streptococcus pyogenes NZ131

712. Oligotropha carboxidovorans OM5
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List of genomes used in chapters 2, 4 and 5



(Organism names derived from KEGG)

1. Aquifex aeolicus

2. Acidobacteria bacterium

3. Alcanivorax borkumensis

4. Acinetobacter sp. ADP1

5. Anaeromyxobacter dehalogenans

6. Alkalilimnicola ehrlichei

7. Archaeoglobus fulgidus

8. Anaplasma marginale

9. Anabaena sp. PCC7120

10. Aeropyrum pernix

11. Anaplasma phagocytophilum

12. Agrobacterium tumefaciens C58 (Cereon)

13. Agrobacterium tumefaciens C58 (UWash/Dupont)

14. Anabaena variabilis

15. Phytoplasma AYWB

16. Bacillus anthracis A2012

17. Buchnera aphidicola Bp

18. Borrelia afzelii

19. Burkholderia cepacia

20. Bacillus anthracis Ames

21. Bacillus anthracis Ames 0581

22. Buchnera aphidicola Sg

23. Bacillus anthracis Sterne

24. Bdellovibrio bacteriovorus

25. Bordetella bronchiseptica

26. Borrelia burgdorferi

27. Bacillus cereus ATCC 10987

28. Bacillus cereus ATCC 14579

29. Baumannia cicadellinicola

30. Bacillus clausii

31. Burkholderia cenocepacia AU1054

32. Bacillus cereus ZK

33. Candidatus Blochmannia floridanus

34. Bacteroides fragilis YCH46

35. Bacteroides fragilis NCTC9343

36. Borrelia garinii

37. Bacillus halodurans

38. Bartonella henselae

39. Bradyrhizobium japonicum

40. Bacillus licheniformis DSM13

41. Bacillus licheniformis ATCC 14580

42. Bifidobacterium longum

43. Burkholderia mallei ATCC 23344

44. Brucella abortus

45. Brucella melitensis

46. Brucella melitensis biovar Abortus

47. Brucella suis
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48. Bordetella parapertussis

49. Bordetella pertussis

50. Burkholderia pseudomallei 1710b

51. Candidatus Blochmannia pennsylvanicus

52. Burkholderia pseudomallei K96243

53. Bartonella quintana

54. Bacillus subtilis

55. Burkholderia thailandensis

56. Bacteroides thetaiotaomicron

57. Bacillus thuringiensis 97-27

58. Buchnera aphidicola APS

59. Burkholderia sp. 383

60. Burkholderia xenovorans

61. Chlamydophila abortus

62. Clostridium acetobutylicum

63. Coxiella burnetii

64. Chlamydophila caviae

65. Chlorobium chlorochromatii

66. Caulobacter crescentus

67. Corynebacterium diphtheriae

68. Corynebacterium efficiens

69. Chlamydophila felis

70. Corynebacterium glutamicum (Bielefeld)

71. Corynebacterium glutamicum (Kyowa Hakko)

72. Cytophaga hutchinsonii

73. Carboxydothermus hydrogenoformans

74. Campylobacter jejuni NCTC11168

75. Corynebacterium jeikeium

76. Campylobacter jejuni RM1221

77. Chlamydia muridarum

78. Chlamydophila pneumoniae AR39

79. Clostridium perfringens 13

80. Clostridium perfringens ATCC 13124

81. Chlamydophila pneumoniae J138

82. Chlamydophila pneumoniae CWL029

83. Clostridium perfringens SM101

84. Colwellia psychrerythraea

85. Chlamydophila pneumoniae TW183

86. Chromohalobacter salexigens

87. Chlamydia trachomatis serovar A

88. Clostridium tetani E88

89. Chlorobium tepidum

90. Chlamydia trachomatis serovar D

91. Chromobacterium violaceum

92. Cyanobacteria Yellowstone A-Prime

93. Cyanobacteria Yellowstone B-Prime

94. Dechloromonas aromatica

95. Desulfovibrio desulfuricans
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96. Dehalococcoides CBDB1

97. Dehalococcoides ethenogenes

98. Deinococcus geothermalis

99. Desulfotalea psychrophila

100. Deinococcus radiodurans

101. Desulfitobacterium hafniense

102. Desulfovibrio vulgaris Hildenborough

103. Azoarcus sp. EbN1

104. Erwinia carotovora

105. Escherichia coli CFT073 (UPEC)

106. Escherichia coli O157 EDL933 (EHEC)

107. Ehrlichia chaffeensis

108. Escherichia coli UTI89 (UPEC)

109. Escherichia coli K-12 W3110

110. Ehrlichia canis

111. Escherichia coli K-12 MG1655

112. Escherichia coli 536 (UPEC)

113. Escherichia coli O157 Sakai (EHEC)

114. Enterococcus faecalis

115. Erythrobacter litoralis

116. Ehrlichia ruminantium Gardel

117. Ehrlichia ruminantium Welgevonden (South Africa)

118. Ehrlichia ruminantium Welgevonden (France)

119. Frankia alni

120. Fusobacterium nucleatum

121. Frankia sp. CcI3

122. Francisella tularensis subsp. tularensis FSC 198

123. Francisella tularensis subsp. holarctica OSU18

124. Francisella tularensis subsp. holarctica LVS

125. Francisella tularensis subsp. tularensis SCHU S4

126. Granulobacter bethesdensis

127. Geobacillus kaustophilus

128. Geobacter metallireducens

129. Gluconobacter oxydans

130. Geobacter sulfurreducens

131. Gloeobacter violaceus

132. Helicobacter acinonychis

133. Halobacterium sp. NRC-1

134. Hahella chejuensis

135. Haemophilus ducreyi

136. Helicobacter hepaticus

137. Haemophilus influenzae (serotype d)

138. Haemophilus influenzae 86-028NP (nontypeable)

139. Haloarcula marismortui

140. Hyphomonas neptunium

141. Helicobacter pylori HPAG1

142. Helicobacter pylori J99

143. Helicobacter pylori 26695
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144. Haemophilus somnus

145. Haloquadratum walsbyi

146. Idiomarina loihiensis

147. Jannaschia sp. CCS1

148. Lactobacillus acidophilus

149. Lactobacillus delbrueckii ATCC 11842

150. Leptospira interrogans serovar Copenhageni

151. Leptospira interrogans serovar lai

152. Listeria innocua

153. Lawsonia intracellularis

154. Lactobacillus johnsonii

155. Lactococcus lactis subsp. lactis IL1403

156. Listeria monocytogenes F2365

157. Listeria monocytogenes EGD-e

158. Legionella pneumophila Lens

159. Lactobacillus plantarum

160. Legionella pneumophila Philadelphia 1

161. Legionella pneumophila Paris

162. Lactobacillus sakei

163. Lactobacillus salivarius

164. Leifsonia xyli xyli CTCB07

165. Methanosarcina acetivorans

166. Magnetospirillum magneticum

167. Methanosarcina barkeri

168. Mycobacterium bovis AF2122/97

169. Methanococcoides burtonii

170. Methylococcus capsulatus

171. Mycoplasma capricolum

172. Mesorhizobium sp. BNC1

173. Methylobacillus flagellatus

174. Mesoplasma florum

175. Mycoplasma gallisepticum

176. Mycoplasma genitalium

177. Mycoplasma hyopneumoniae J

178. Mycoplasma hyopneumoniae 7448

179. Methanospirillum hungatei

180. Mycoplasma hyopneumoniae 232

181. Methanococcus jannaschii

182. Methanopyrus kandleri

183. Mycobacterium leprae

184. Mesorhizobium loti

185. Methanosarcina mazei

186. Mycobacterium sp. MCS

187. Mycoplasma mobile

188. Methanococcus maripaludis S2

189. Maricaulis maris

190. Mycoplasma mycoides

191. Mycobacterium avium paratuberculosis
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192. Mycoplasma penetrans

193. Mycoplasma pneumoniae

194. Mycoplasma pulmonis

195. Methanosphaera stadtmanae

196. Mannheimia succiniciproducens

197. Mycoplasma synoviae

198. Moorella thermoacetica

199. Mycobacterium tuberculosis CDC1551

200. Methanobacterium thermoautotrophicum

201. Mycobacterium tuberculosis H37Rv

202. Myxococcus xanthus

203. Novosphingobium aromaticivorans

204. Nanoarchaeum equitans

205. Nitrosomonas eutropha

206. Nitrosomonas europaea

207. Nocardia farcinica

208. Neisseria gonorrhoeae

209. Nitrobacter hamburgensis

210. Neisseria meningitidis Z2491 (serogroup A)

211. Neisseria meningitidis MC58 (serogroup B)

212. Nitrosospira multiformis

213. Nitrosococcus oceani

214. Natronomonas pharaonis

215. Neorickettsia sennetsu

216. Nitrobacter winogradskyi

217. Oceanobacillus iheyensis

218. Pyrococcus abyssi

219. Propionibacterium acnes

220. Pseudomonas aeruginosa PAO1

221. Pyrobaculum aerophilum

222. Psychrobacter arcticum

223. Pseudoalteromonas atlantica

224. Pelobacter carbinolicus

225. Psychrobacter cryohalolentis

226. Candidatus Protochlamydia amoebophila

227. Pseudomonas entomophila

228. Pseudomonas fluorescens Pf-5

229. Pseudomonas fluorescens PfO-1

230. Pyrococcus furiosus

231. Porphyromonas gingivalis

232. Pseudoalteromonas haloplanktis

233. Pyrococcus horikoshii

234. Pelodictyon luteolum

235. Photorhabdus luminescens

236. Prochlorococcus marinus SS120

237. Prochlorococcus marinus MIT9312

238. Prochlorococcus marinus MED4

239. Prochlorococcus marinus NATL2A
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240. Prochlorococcus marinus MIT9313

241. Pasteurella multocida

242. Polaromonas sp. JS666

243. Phytoplasma OY

244. Photobacterium profundum

245. Pseudomonas putida

246. Pseudomonas syringae pv. syringae B728a

247. Pseudomonas syringae pv. phaseolicola 1448A

248. Pseudomonas syringae pv. tomato DC3000

249. Picrophilus torridus

250. Candidatus Pelagibacter ubique

251. Rhodopirellula baltica

252. Rickettsia bellii

253. Rickettsia conorii

254. Roseobacter denitrificans

255. Rhizobium etli

256. Ralstonia eutropha JMP134

257. Rickettsia felis

258. Rhodoferax ferrireducens

259. Rhodococcus sp. RHA1

260. Ralstonia metallidurans

261. Rhodopseudomonas palustris CGA009

262. Rhodopseudomonas palustris HaA2

263. Rhodopseudomonas palustris BisB18

264. Rhodopseudomonas palustris BisB5

265. Rickettsia prowazekii

266. Rhodospirillum rubrum

267. Ralstonia solanacearum

268. Rhodobacter sphaeroides 2.4.1

269. Rickettsia typhi

270. Rubrobacter xylanophilus

271. Staphylococcus aureus USA300

272. Staphylococcus aureus RF122

273. Staphylococcus aureus COL

274. Streptococcus agalactiae 2603 (serotype V)

275. Sulfolobus acidocaldarius

276. Streptococcus agalactiae A909 (serotype Ia)

277. Sphingopyxis alaskensis

278. Staphylococcus aureus MW2

279. Streptococcus agalactiae NEM316 (serotype III)

280. Staphylococcus aureus NCTC8325

281. Staphylococcus aureus MRSA252

282. Staphylococcus aureus MSSA476

283. Syntrophus aciditrophicus

284. Staphylococcus aureus N315

285. Staphylococcus aureus Mu50

286. Shigella boydii

287. Streptomyces coelicolor
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288. Saccharophagus degradans

289. Shewanella denitrificans

290. Shigella dysenteriae

291. Salmonella enterica serovar Choleraesuis

292. Staphylococcus epidermidis ATCC 12228

293. Staphylococcus epidermidis RP62A

294. Shigella flexneri 301 (serotype 2a)

295. Shewanella frigidimarina

296. Shigella flexneri 8401 (serotype 5b)

297. Shigella flexneri 2457T (serotype 2a)

298. Sodalis glossinidius

299. Staphylococcus haemolyticus

300. Shewanella sp. MR-4

301. Shewanella sp. MR-7

302. Silicibacter pomeroyi

303. Silicibacter sp. TM1040

304. Streptomyces avermitilis

305. Sinorhizobium meliloti

306. Streptococcus mutans

307. Shewanella oneidensis

308. Streptococcus pyogenes MGAS10394 (serotype M6)

309. Streptococcus pyogenes MGAS6180 (serotype M28)

310. Streptococcus pyogenes MGAS315 (serotype M3)

311. Streptococcus pyogenes MGAS10270 (serotype M3)

312. Streptococcus pyogenes MGAS10750 (serotype M3)

313. Streptococcus pyogenes MGAS2096 (serotype M3)

314. Streptococcus pyogenes MGAS9429 (serotype M3)

315. Streptococcus pyogenes MGAS8232 (serotype M18)

316. Streptococcus pneumoniae TIGR4

317. Streptococcus pneumoniae R6

318. Streptococcus pyogenes SSI-1 (serotype M3)

319. Salmonella enterica serovar Paratyphi A

320. Streptococcus pyogenes SF370 (serotype M1)

321. Streptococcus pyogenes MGAS5005 (serotype M1)

322. Salinibacter ruber

323. Shigella sonnei

324. Sulfolobus solfataricus

325. Staphylococcus saprophyticus

326. Streptococcus thermophilus CNRZ1066

327. Symbiobacterium thermophilum

328. Streptococcus thermophilus LMG18311

329. Salmonella typhimurium LT2

330. Sulfolobus tokodaii

331. Salmonella enterica serovar Typhi Ty2

332. Salmonella enterica serovar Typhi CT18

333. Syntrophomonas wolfei

334. Synechococcus elongatus PCC6301

335. Synechococcus sp. CC9605
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336. Synechococcus sp. CC9902

337. Synechococcus elongatus PCC7942

338. Synechococcus sp. CC9311

339. Cyanobacteria Synechocystis sp. PCC6803

340. Synechococcus sp. WH8102

341. Thermoplasma acidophilum

342. Thiobacillus denitrificans

343. Thiomicrospira crunogena

344. Treponema denticola

345. Thiomicrospira denitrificans

346. Thermosynechococcus elongatus

347. Trichodesmium erythraeum

348. Thermobifida fusca

349. Thermococcus kodakaraensis

350. Thermotoga maritima

351. Treponema pallidum

352. Thermoanaerobacter tengcongensis

353. Thermus thermophilus HB27

354. Thermus thermophilus HB8

355. Thermoplasma volcanium

356. Tropheryma whipplei Twist

357. Tropheryma whipplei TW08/27

358. Ureaplasma urealyticum

359. Vibrio cholerae

360. Vibrio fischeri

361. Vibrio parahaemolyticus

362. Vibrio vulnificus CMCP6

363. Vibrio vulnificus YJ016

364. Wolbachia wBm

365. Wigglesworthia glossinidia

366. Wolbachia wMel

367. Wolinella succinogenes

368. Xanthomonas axonopodis

369. Xanthomonas campestris pv. campestris 8004

370. Xanthomonas campestris pv. campestris ATCC 33913

371. Xanthomonas campestris pv. vesicatoria

372. Xylella fastidiosa 9a5c

373. Xylella fastidiosa Temecula1

374. Xanthomonas oryzae MAFF311018

375. Xanthomonas oryzae KACC10331

376. Yersinia pestis Antiqua

377. Yersinia pestis CO92

378. Yersinia pestis KIM

379. Yersinia pestis Nepal516

380. Yersinia pseudotuberculosis

381. Zymomonas mobilis
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Principles of transcriptional regulation and evolution
of the metabolic system in E. coli
Aswin S.N. Seshasayee,1,5 Gillian M. Fraser,2 M. Madan Babu,3

and Nicholas M. Luscombe1,4,5

1EMBL-European Bioinformatics Institute, Wellcome Trust Genome Campus, Cambridge CB10 1SD, United Kingdom;
2Department of Pathology, University of Cambridge, Cambridge CB2 1QP, United Kingdom; 3MRC Laboratory of Molecular
Biology, Cambridge CB2 0QH, United Kingdom; 4EMBL-Heidelberg Gene Expression Unit, Heidelberg D-69117, Germany

Organisms must adapt to make optimal use of the metabolic system in response to environmental changes. In the
long-term, this involves evolution of the genomic repertoire of enzymes; in the short-term, transcriptional control
ensures that appropriate enzymes are expressed in response to transitory extracellular conditions. Unicellular
organisms are particularly susceptible to environmental changes; however, genome-scale impact of these modulatory
effects has not been explored so far in bacteria. Here, we integrate genome-scale data to investigate the evolutionary
trends and transcriptional control of metabolism in Escherichia coli K12. Globally, the regulatory system is organized in
a clear hierarchy of general and specific transcription factors (TFs) that control differing ranges of metabolic
functions. Further, catabolic, anabolic, and central metabolic pathways are targeted by distinct combinations of these
TFs. Locally, enzymes catalyzing sequential reactions in a metabolic pathway are co-regulated by the same TFs.
Regulation is more complex at junctions: General TFs control the overall activity of all connecting reactions, whereas
specific TFs control individual enzymes. Divergent junctions play a special role in delineating metabolic pathways and
decouple the regulation of incoming and outgoing reactions. We find little evidence for differential usage of
isozymes, which are generally co-expressed in similar conditions, and thus are likely to reinforce the metabolic
system through redundancy. Finally, we show that enzymes controlled by the same TFs have a strong tendency to
co-evolve, suggesting a significant constraint to maintain similar regulatory regimes during evolution. Catabolic,
anabolic, and central energy pathways evolve differently, emphasizing the role of the environment in shaping the
metabolic system. Many of the observations also occur in yeast, and our findings may apply across large
evolutionary distances.

[Supplemental material is available online at www.genome.org.]

Small-molecule metabolism is the set of all chemical reactions
that allow a cell to assimilate environmental nutrients, generate
energy, and synthesize precursors necessary for macromolecular
synthesis. In order to survive in a habitat, organisms must use the
nutrients that exist in the environment efficiently and adapt to
changes in their availability. In the long term, prolonged expo-
sure to particular habitats leads to the evolution of the metabolic
enzymes encoded in the organism’s genome (Herring et al. 2006).
In bacteria—which are generally highly streamlined and efficient
organisms—small-molecule metabolism assumes special impor-
tance as typically a quarter of gene content is devoted to metabo-
lism. In fact, the number of enzymatic genes is a key determinant
of bacterial genome size (Ranea et al. 2005). Systematic analyses
of metabolic evolution are now possible owing to the availability
of several hundred bacterial genome sequences accompanied by
information on organism habitat and phenotype (Shlomi et al.
2007b; Kreimer et al. 2008). More recently, the dependence be-
tween bacterial gene content and the environment has been
highlighted by metagenomic studies, which have suggested that
specific metabolic functions act as signatures for particular types

of habitats (Gill et al. 2006; Turnbaugh et al. 2006; Dinsdale et al.
2008).

The enzymatic gene content of an organism represents just
one dimension of the metabolic system, as many bacteria live in
variable environments and not all enzymes are required at all
times. In the short term, an adaptive response to changing nu-
trient conditions can be achieved through transcriptional regu-
lation of intracellular enzyme concentrations. A powerful ap-
proach to study metabolic activity has been through the use of
network representations, in which enzymatic reactions are de-
picted as directed edges and small molecules as nodes. The avail-
ability of genome sequences, coupled with the biochemical char-
acterization of enzymes, has led to high-quality computational
reconstruction of metabolic networks for a wide variety of organ-
isms. Graph-theoretical analyses and simulations such as flux-
balance analysis have been applied to these networks to study
their structural and functional properties (Jeong et al. 2000;
Ravasz et al. 2002; Ibarra et al. 2003; Almaas et al. 2004, 2005).

Control of metabolic activity can be studied by overlaying a
transcriptional regulatory network in which edges represent
regulatory interactions from transcription factors (TFs) to target
genes. Data for the best-studied bacterium Escherichia coli are
available in RegulonDB, which is a compilation of more than
2000 regulatory interactions derived largely from literature de-
scribing small-scale experiments (Salgado et al. 2006). This sub-
stantial data set has been used to improve phenotypic predic-

5Corresponding authors.
E-mail aswin@ebi.ac.uk; fax 44 (0) 1223 492829.
E-mail luscombe@ebi.ac.uk; fax 44 (0) 1223 492572.
Article published online before print. Article and publication date are at http://
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tions by integrating regulatory information into metabolic flux
balance simulations (Covert and Palsson 2002; Herrgard et al.
2003; Covert et al. 2004; Barrett et al. 2005; Shlomi et al. 2007a).
It has also been used to characterize recurring patterns of TF–
target gene interactions termed “network motifs” that confer dif-
ferent kinetic properties to metabolic circuits (Shen-Orr et al.
2002; Mangan et al. 2003, 2006; Zaslaver et al. 2004; Alon 2007).

In parallel, three genome-scale investigations have made
important contributions to our understanding of general prin-
ciples that underlie transcriptional regulation of the metabolic
system (Ihmels et al. 2004; Kharchenko et al. 2005; Notebaart et
al. 2008). In Saccharomyces cerevisiae, Ihmels et al. (2004) combined
large-scale gene expression data with the metabolic network to
demonstrate that transcriptional regulation ensures coherent me-
tabolite flow between sequential enzymes. Kharchenko et al. (2005)
reported, again in yeast, that enzymes show more similar expres-
sion profiles if they are closer together in the metabolic network.
Very recently in both S. cerevisiae and E. coli, Notebaart et al. (2008)
argued that strong correlations in metabolite flow calculated
from flux balance simulations are better predictors of coexpres-
sion than simple distance separation in the metabolic network.

The above studies are largely based on the metabolic and
regulatory apparatus of S. cerevisiae. Although both S. cerevisiae and
E. coli are unicellular organisms, their regulatory machineries are
vastly different (Fink 1987). For example, whereas more than half
of all E. coli metabolic regulators are activated by small-molecule
binding (Anantharaman et al. 2001; Madan Babu and Teich-
mann 2003), most eukaryotic TFs respond to complex signaling
cascades (Reece et al. 2006). It is unclear if the findings are ap-
plicable to prokaryotes, and it is important to perform an inde-
pendent study focused on a bacterial system.

Here we study, on a genomic scale, how the transcriptional
regulatory system controls small-molecule metabolism in E. coli.
First, we investigate the regulation of different types of metabolic
pathways on a global scale, and also introduce a functional hi-
erarchy of TFs. Next, we examine regulatory patterns at a local
scale, by assessing how gene expression is mediated for neigh-
boring metabolic reactions, with special attention on the control
of pathway junctions. Finally, we study the evolution of meta-
bolic pathways and evaluate whether there is a relationship be-
tween the coordinated regulation and the conservation of en-
zymes. In doing so, we establish rules of transcriptional regula-
tory system that are generally applicable to bacterial metabolic
systems.

Results and Discussion
Our study uses five distinct data sets:

1. A metabolic network comprising 788 reactions mapped onto
781 enzyme genes and 628 small molecules from the EcoCyc
database (Keseler et al. 2005);

2. a transcriptional regulatory network involving 111 TFs regu-
lating 388 enzyme genes (49.7% of all enzymes) via 913 regu-
latory interactions, sourced from RegulonDB (Salgado et al.
2006);

3. 43 binding interactions between 40 TFs and 39 small mol-
ecules from EcoCyc representing post-translational regulation
of TF activity;

4. Affymetrix microarray data covering 221 mRNA hybridiza-
tions across diverse cellular conditions from the M3D database
(Faith et al. 2007); and

5. protein sequences for E. coli K12 MG1655 and 380 other pro-
karyotic organisms with completely sequenced genomes ob-
tained from the KEGG database (Kanehisa et al. 2006).

The first four data sets contain information for E. coli K12 only.

Global regulation of metabolic enzymes

Hierarchy of general and specific TFs

The E. coli transcriptional regulatory network was previously
shown to have a pyramid-shaped hierarchical topology, with a
few master TFs at the top level regulating lower-level TFs (Ma et
al. 2004; Balazsi et al. 2005; Yu and Gerstein 2006). Recent stud-
ies have further shown that metabolic pathways are regulated by
shorter cascades of TFs than functions such as motility and bio-
film formation (Shen-Orr et al. 2002; Martinez-Antonio et al.
2008). Here we show that the regulation of the metabolic system
is also hierarchical in terms of the functionality of the targeted
enzymes (Fig. 1). All the results presented in this paper are robust
against perturbations in the underlying data set (i.e., introduc-
tion of errors and deletion of data points), indicating that our
findings are likely to remain valid as data sets are updated in the
future (Methods).

At the top of the hierarchy, general TFs regulate genes be-
longing to multiple functional categories as described by the
COG classification system (Tatusov et al. 2003). Ten of the 111
TFs in our data set belong to this group, and it includes six of the
seven global TFs described in an earlier publication (Martínez-
Antonio and Collado-Vides 2003). Despite the breadth of their
regulation, all these TFs display a statistical enrichment for a
single functional category that reflects the nature of the input
signal sensed by the TF concerned. For example, Lrp binds leu-
cine and preferentially targets amino acid metabolism. Even Fis
and IHF—which do not explicitly contain signal-sensing do-
mains, but whose activities are growth-phase-dependent (Ali
Azam et al. 1999)—favor regulation of energy metabolism (Blot
et al. 2006).

On the other hand, specific TFs restrict their target genes to
those in the same EcoCyc pathway or the same functional cat-
egory: 54 TFs are pathway specific, and 18 others are function
specific (i.e., regulate more than one pathway but only those of
single functional category). Again, the activities of many specific
TFs are post-translationally controlled through small-molecule
binding (Anantharaman et al. 2001; Madan Babu and Teich-
mann 2003); however, here, the regulatory metabolite tends to
originate from the pathway that is targeted by the relevant TF,
effectively forming a local feedback loop. A classic example is the
LacI repressor of the lactose utilization operon: On binding allo-
lactose, this TF immediately affects the corresponding catabolic
pathway. We could not classify the remaining 29 TFs, as there
were too few targets with metabolic COG or pathway annota-
tions in the current data set.

In direct relation to the diversity of target gene functions,
we find that general TFs regulate more genes than specific TFs;
thus the topological and functional hierarchies of the regulatory
network are closely linked. The two classes of TFs also differ in
several other ways (Supplemental Fig. 1):

1. General TFs display higher mRNA expression levels than spe-
cific TFs when we examine data from Affymetrix GeneChips
(PMann-Whitney = 5.6 ! 10"5). This reflects the fact that cells
require larger absolute quantities of general TFs since they
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have to bind many more targets
(Lozada-Chavez et al. 2008). For ex-
ample, it is well known that CRP,
which targets the entire carbohydrate
metabolism system, is present in
1400–6600 copies per cell (Ishizuka et
al. 1993), compared with LacI, which
controls only lactose degradation and
is present in only 10–20 copies per
cell (Gilbert and Muller-Hill 1966).

2. In line with previous observations
(Menchaca-Mendez et al. 2005), we
also observe that the genes of specific
TFs tend to be encoded much closer
to their target binding sites, in con-
trast to general TFs (PMann-Whitney <
2.2 ! 10"16). In prokaryotes, tran-
scription and translation are tightly
coupled, ensuring that the protein
product is generally produced close to
the encoding gene on the chromo-
some. As specific TFs are expressed in
small quantities and have compar-
atively few targets, they would locate
binding sites more efficiently if their
genes were proximal on the chromo-
some (Janga et al. 2007; Kolesov et al.
2007).

3. Finally, small molecules that regulate
the activity of specific TFs tend to be
closer in the metabolic network to
the target enzymes of these TFs, com-
pared with those that bind general
TFs (see Local regulation of metabolic
enzymes and Methods). This indi-
cates that the feedback loop involv-
ing specific TFs is more local in na-
ture.

Catabolism, anabolism, and central energy
metabolism are regulated differently

Next, we investigated whether distinct
regulatory principles operate in different
metabolic subsystems (Table 1): (1) the
catabolic subsystem assimilates diverse
nutrients from the environment, and
feeds these products into energy-
generating pathways; (2) the anabolic
subsystem synthesizes a wide range of
small-molecule products from a limited
set of precursor molecules; and (3) the
central/energy subsystem is situated be-
tween catabolic and anabolic pathways,
generating ATP and biosynthetic precur-
sors. We studied this by testing for dif-
ferences in the numbers of TFs that regu-
late genes from these metabolic func-
tions and also for differences in the TF
classes involved.

As shown in Figure 2A, each sub-
system is regulated differently. Anabolic
pathways are controlled by few TFs, with

Figure 1. Regulatory targets of general and specific TFs. Schematic representation of transcriptional
regulation of E. coli small-molecule metabolism displaying general TFs (red circles), specific TFs (blue),
and target enzyme genes (black). TFs are labeled with gene names, and enzymes are grouped ac-
cording to their COG annotations. Regulatory interactions are shown as lines directed from general TF
to functionally enriched target (red), general TF to non-enriched function (gray), and specific TF to
target (blue).

Regulation and evolution of E. col i metabolism

Genome Research 3
www.genome.org

 Cold Spring Harbor Laboratory Press on November 29, 2008 - Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


67% of enzymes targeted by a single regulator each. In contrast,
central energy metabolism is heavily regulated: >75% of enzymes
are controlled by at least three TFs each. Catabolic enzymes lie
between the two extremes.

The subsystems also differ in the balance of general and
specific TFs (Fig. 2B,C). Catabolic enzymes tend to be regulated
by a combination of both TF types (e.g., CRP and LacI), and the
need for multiple regulators is illustrated by the control of car-
bohydrate-processing pathways. Under normal circumstances,
E. coli favors glucose as the main carbon source. However, in the
absence of glucose and the presence of an alternative sugar (e.g.,
arabinose), CRP, a general regulator for many catabolic systems,
and a specific TF (e.g., AraC) jointly activate the appropriate
pathways. This ensures that alternative carbon sources are not
used when glucose is available in the medium.

In contrast, anabolic enzymes are usually targeted by a lone
regulator, with no preference for general or specific TF type. As
discussed above, many of these TFs bind small molecules that are
related to the pathways they control (e.g., substrate or product of
the regulated pathway), thus creating extensive feedback be-
tween enzyme expression and cellular demands for the anabolic
product. A general regulator that demonstrates this principle is
Lrp, which binds leucine and preferentially targets a large group
of amino acid biosynthetic pathways. An example of a specific
regulator is BirA, which binds biotin-5-AMP and controls biotin
biosynthesis. By varying a given TFs binding affinity to different
target promoters, a single input regulation facilitates a program
of “just-in-time” transcription in which enzymes at the begin-
ning of pathways are expressed earlier than those at the end
(Zaslaver et al. 2004). This form of control is most likely to ben-
efit anabolic pathways as they tend to involve more reactions
than catabolic pathways (Supplemental Fig. 2), and metabolites
take longer to process.

Finally, central energy metabolism is almost exclusively
controlled by combinations of general TFs. This subsystem is a
hub to which nutrients assimilate and from which anabolic path-
ways radiate out. This means that these enzymes need to respond
to numerous environmental conditions, which is best achieved
through control by general TFs expressed under multiple condi-
tions (Martínez-Antonio and Collado-Vides 2003).

Local regulation of metabolic enzymes

Connectivity of enzyme pairs in the metabolic network

Having studied how the metabolic network and its subsystems
are controlled on a global scale, we now examine the regulatory
properties of individual enzymes at a local level. For this we clas-
sified pairs of neighboring enzymes by their relative positioning
in the metabolic network (Fig. 3).

“Flow” reactions describe enzyme pairs arranged in a se-

quential manner so that metabolites proceed from one reaction
to the next. These can occur in linear sections of the metabolic
system, or at junctions; for the latter, enzyme pairs can be in
divergent or convergent configurations. “Non-flow” reactions
occur only at junctions, and represent enzyme pairs that are po-
sitioned nonsequentially. These can once again be convergent
(both reactions feed into a common product) or divergent (both
enzymes emerge from a common reactant). In total, we identify
9798 enzyme pairs in these configurations, of which nearly a
third have known regulators for both reactions (Table 2). Note

Figure 2. Numbers of TFs controlling metabolic enzymes. (A) Histo-
gram of numbers of TFs regulating all, catabolic, anabolic, and central
energy enzymes. (*) Overrepresented groups; (§) underrepresented
groups. (B) Box plots of numbers of general and specific TFs targeting
different classes of enzymes. (C) Histogram of numbers of enzymes regu-
lated by general TFs only, specific TFs only, and combinations of general
and specific TFs.

Table 1. Metabolic subfunctions

Metabolism
type

Number
of reactions

Number
of enzymes

Number
of TFsAll Regulated All Regulated

All 788 371 781 388 112
Catabolism only 168 113 186 128 64
Anabolism only 370 130 339 110 37
Central and

energy metabolism
53 33 109 74 32
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that these arrangements are not exclusive, and enzymes can be-
long to more than one configuration.

Linear-flow reactions are strongly co-regulated

We assess the extent to which enzyme pairs are co-regulated (Fig.
4A; Table 2); that is, targeted by identical sets of TFs. Simple
linear stretches of the metabolic network are tightly co-regulated,
as 75% of linear-flow reactions are targeted by the same TFs. An
example of such regulation is that of purB and purC in purine
biosynthesis by the TF PurR. We note that a substantial propor-
tion (58%) of co-regulated enzyme pairs reside in the same op-

eron; thus genomic organization of enzyme genes is a major driv-
ing force for coordinated regulation. However, nearly half of co-
regulated enzymes belong to different operons, and it is clear that
transcriptional control extends well beyond the confines of op-
eron structure.

We confirm the observations made from the transcriptional
network by testing the coexpression of enzyme pairs (Fig. 4B).
Here, we measure coexpression of gene pairs by calculating the
Pearson correlation coefficient of their expression profiles across
221 Affymetrix hybridizations (Faith et al. 2007). Although this
calculation is independent of information from the transcrip-
tional regulatory network, enzyme pairs in linear-flow configu-
rations display higher levels of coexpression than other pairs
(PMann-Whitney < 2.2 ! 10"16).

Pathway junctions are intricately regulated

At first glance, the amount of co-regulation appears much lower
at pathway junctions (8% for flow and 10% for non-flow) (Fig.
4A). This is partly because most junctions have numerous incom-
ing and outgoing reactions resulting in a large number of pair-
wise comparisons. In fact, more than half of junctions (52%)
contain at least one pair of co-regulated flow reactions (i.e., one
incoming and one outgoing reaction), but fewer than a third
(30%) contain a pair of co-regulated non-flow reactions (i.e., both
incoming or outgoing). This is also reflected by the microarray
data in which co-regulated reactions display significantly higher
levels of coexpression compared with other enzymes (Supple-
mental Fig. 3). In addition, many reactions connected at junc-
tions have at least one TF in common (51% of all flow pairs, 36%
of non-flow pairs) (Supplemental Fig. 4); in 95% of these cases, a
general TF acts as the overlapping regulator.

An example of such co-regulation occurs at a junction cen-
tered on the L-ribulose-5-phosphate. This metabolite is produced
by AraB and consumed by AraD of the arabinose pathway, and by
UlaE and UlaF of the ascorbate utilization pathway. The first pair
is targeted by the TFs CRP and AraC, and the second pair by CRP,
IHF, and UlaR. Thus, distinct but overlapping sets of regulators
ensure a coherent flow of metabolites through two complemen-
tary pathways in the junction.

These observations demonstrate that there is an intricate
system of control at pathway junctions. General TFs determine
the overall activity of junctions by targeting all connecting reac-
tions. Specific TFs are then used to fine-tune the expression of
individual reactions. In many cases, one or more pairs of reac-
tions—commonly an incoming and outgoing pair—are con-
trolled by identical sets of TFs to provide a major thoroughfare
for the flow of metabolites. Alternative or additional reactions are

Table 2. Transcriptional co-regulation in local metabolic network patterns

Flow/Non-flow Configuration
Number of

reaction pairs

Number of enzyme pairs

Median
expression correlationAll Regulated

Identical
regulators

Overlapping
regulatorsa

Distinct
regulators

Flow Linear 136 205 81 61 (75%) 7 (9%) 13 (16%) 0.48
All junctions 2839 4633 1490 121 (8%) 696 (47%) 673 (45%) 0.14
Divergent junctions 2564 4042 1208 59 (5%) 502 (42%) 647 (54%) 0.13
Convergent junctions 275 628 295 50 (17%) 202 (68%) 43 (15%) 0.35

Non-flow All junctions 3423 4908 1457 90 (6%) 497 (34%) 870 (60%) 0.15
Divergent junctions 1723 2833 933 76 (8%) 319 (34%) 538 (58%) 0.11
Convergent junctions 1700 2127 566 72 (13%) 177 (31%) 317 (56%) 0.16

aThe number of enzymes with overlapping TFs does not include those with identical TFs.

Figure 3. Configurations for neighboring enzymatic reactions. Ex-
ample reactions are given for each configuration.
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then activated to divert metabolic flow depending on the cellular
conditions.

Regulation is decoupled at divergent junctions

We can examine the control of junctions by dividing them into
those that are convergent and divergent (Figs. 3 and 4; Table 2).
Here, we find that flow reaction pairs are more likely to be co-
regulated if they traverse convergent junctions (17% with iden-
tical TFs, 85% with overlapping TFs) than divergent junctions
(5% and 47%, respectively).

The difference in level of control is also reflected in the
expression data. As previously described by Kharchenko et al.
(2005), coexpression tends to fall with increasing distance be-
tween enzyme pairs in the metabolic network (measured as the
number of separating metabolites). However, the pattern of co-
expression depends on the nature of separation between the en-
zymes (Fig. 5). Reactions uninterrupted by any junctions retain
relatively high levels of coexpression (Fig. 5A). Introduction of a
convergent junction causes a slight drop in coexpression, and the
signal is not affected substantially beyond this point (Fig. 5B). In
contrast, a single divergent junction is sufficient to abolish all
coexpression (Fig. 5C).

Notebaart et al. (2008) recently reported that enzymes with
coupled metabolic fluxes—where a nonzero metabolic flux for

one enzyme implies a nonzero flux for the other and vice versa—
tend to show similar expression profiles (Supplemental Fig. 5). In
fact, there are fewer divergent junctions between flux-coupled
enzymes than expected by chance. Moreover, these junctions
appear to provide natural boundaries for the definition of path-
ways: 62% of reaction pairs connected at convergent junctions
share the same EcoCyc pathway, but only 11% of pairs linked at
divergent junctions do so (PFisher-test < 2.2 ! 10"16) (Supplemen-
tal Fig. 6). Thus, we suggest that the topology of the metabolic
network is an important determinant of flux coupling, as well as
co-regulation.

A possible underlying reason for the unique behavior of di-
vergent junctions is that they are decision points in the network;
that is, metabolic flow is dependent on the choice of one reaction
over another. In comparison, convergent arrangements are not
decision-making as flux can flow only in one direction out of the
junctions. Therefore, by decoupling the regulation of connecting
reactions at divergent junctions, incoming metabolic flux can be
directed toward the required product according to independent
cellular signals.

Isozymes are partially co-regulated

Isozymes are two or more enzymes that differ in amino acid
sequence but catalyze the same reaction. There are several pos-
sible ways in which they could be beneficial to the organism.
First, through selective utilization under different conditions,
isozymes could permit fine-tuning of a metabolic pathway, as
they often display differing kinetics. Next, the use of dedicated
isozymes in distinct pathways containing a common reaction
could help reduce cross-talk. Finally, isozymes could imply in-
creased metabolic flow through a reaction and also provide re-
dundancy to compensate against mutations.

The E. coli network contains 97 reactions that are mediated
by 196 isozymes. Although only 7% of isozyme pairs are co-
regulated by identical TFs, >65% have overlapping TFs, indicat-
ing substantial regulatory coordination (Supplemental Fig. 7).
For example, the E. coli genome encodes for two acetylornithine
transaminases, ArgD and AstC; the general TF ArgR controls
both, but another TF, GlnG, targets only argD.

In the yeast metabolic network, Ihmels et al. (2004) de-
scribed a special type of coordinated regulation termed a “linear
switch” that operates at divergent junctions, in which different
incoming isozyme reactions are coexpressed with alternative out-
going branches. Such an arrangement could modulate the direc-
tion of metabolic flow in a condition-specific manner. We
searched for similar patterns of regulation in E. coli using the
expression data (Supplemental Fig. 8A). However, out of 68 iso-
zyme pairs occurring at junctions (i.e., including both conver-
gent and divergent), we could find only eight cases of linear
switches. Instead, 47 isozyme pairs are coexpressed with the same
upstream or downstream reaction in the junction.

Both the regulatory network and gene expression data in-
dicate a high level of co-regulation of isozymes, thus ruling out
the first two possibilities above. Instead, the primary effect of
isozymes appears to be that of redundancy against mutations
(Supplemental Fig. 8B). Isozyme reactions are not preferentially
present in particular COG functional categories. However, in
general, they tend to be connected with larger numbers of sub-
strate and product metabolites compared with other enzymes
(PMann-Whitney = 3.6 ! 10"5). In addition, a higher proportion of
isozyme reactions (28 out of 97 reactions; 29%) are involved in

Figure 4. Co-regulation and coexpression of metabolic enzyme pairs.
(A) Histogram of numbers of pairs of enzymes that are co-regulated by
identical sets of TFs in the regulatory network. (B) Box plot of distributions
of Pearson correlation coefficients for gene expression profiles of enzyme
pairs. The horizontal dashed line displays the median correlation for all
pairs of enzymes in the metabolic network.
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multiple metabolic pathways compared with other reactions
(13%; PFisher-test = 7.8 ! 10"6). Therefore, isozymes appear to be
enriched in highly connected reactions that would have a great
impact on the organism should they break down.

Global and local patterns of enzyme evolution

Having examined the patterns of transcriptional regulation of
enzymes, we now study how these regulatory properties relate to
the evolution of the metabolic system. For this, we identified the
ortholog of the E. coli metabolic enzymes in our data set across
380 bacterial and archaeal genome sequences. Every enzyme was
then assigned a phylogenetic profile represented by a series of
binary values indicating the presence or absence of orthologs in
each genome.

Conservation of catabolic, anabolic, and central metabolic pathways

First, we assessed the conservation of different types of metabolic
pathways by comparing the percentage of genomes in which an
enzyme has a detectable ortholog (Fig. 6A). Catabolic enzymes
are the least conserved, whereas anabolic enzymes are the most
conserved. Members of the central metabolic pathways lie be-
tween the two.

In general, pathways that are exposed to long-term extracel-
lular changes tend to be less conserved than internal pathways;
this underlines the importance of the environment in driving
bacterial evolution (Borenstein et al. 2008; Kreimer et al. 2008).
Catabolism is poorly conserved because the presence or absence
of specific pathways is governed by the organisms’ habitat and
the access to different sources of nutrients. It should be noted
that the reference organism, E. coli, is metabolically versatile and
therefore contains a large complement of catabolic enzymes
compared with most other organisms. In contrast, anabolism is
highly conserved because similar metabolic products—including
amino acids, nucleotides, and lipids—are required for macromo-
lecular synthesis regardless of the organisms’ lifestyle. The only
exceptions occur in species that are auxotrophic for some mol-
ecules. This difference in conservation of catabolism and anabo-
lism has also been observed in eukaryotes (Lopez-Bigas et al.
2008).

Central energy metabolism displays intermediate conserva-
tion because organisms encode for either the TCA cycle or fer-

mentative pathways, or both, depending on their lifestyles. E. coli
contains both sets of enzymes, reflecting its capacity to perform
aerobic and anaerobic respiration. In general, organisms classi-
fied as being aerobic or facultative (i.e., both aerobic and anaero-
bic, like E. coli) encode for aerobic respiration genes more often
than anaerobic species (P < 3.6 ! 10"5) (Supplemental Fig. 9).
However, we do not observe a similar trend for fermentative
genes and anaerobic species; this could be because different sub-
strates can be used for these pathways.

Coexpressed genes also coevolve

Next, we examined how enzyme pairs in different types of flow
and non-flow configurations evolve. For this, we calculate the
correlation between the phylogenetic profiles of each enzyme
pair. All the trends observed for co-regulation are reproduced
here (Supplemental Fig. 8). We find that (1) enzyme pairs co-
evolve most frequently when they occur at linear flow reactions;
(2) of pairs at junctions, those in nonconvergent reactions dis-
play greater coevolution compared with divergent forks; (3) en-
zymes in continuous sections of nondivergent flow reactions
show high levels of coevolution, but this trend is decoupled by
divergent junctions; and (4) enzyme pairs with coupled fluxes
tend to coevolve.

These observations can be explained by the clear agreement
between the correlations in expression and phylogenetic profiles
of enzyme pairs (Fig. 6B, mutual information = 0.09; P < 0.001).
Coevolving enzymes tend to be coexpressed (Fig. 6B, first quad-
rant), and to a lesser extent inversely coexpressed also (second
quadrant). However, there is little evidence for enzyme pairs to
coevolve negatively (third and fourth quadrants).

These observations indicate a strong evolutionary pressure
to preserve the co-regulation of enzymes that coevolve. The tran-
scriptional regulatory network is known to evolve rapidly in bac-
teria (Lozada-Chavez et al. 2006; Madan Babu et al. 2006; Price et
al. 2007). Therefore, the repertoire of TFs and the details of regu-
latory interactions probably differ substantially between species
but the gene expression program dictated by the regulatory sys-
tem is maintained. An important contribution to this trend is
undoubtedly the strong evolutionary pressure to maintain simi-
lar chromosomal organization of genes, especially in cases in
which entire pathways are encoded within the same operon
(Supplemental Fig. 11).

Figure 5. Coexpression of enzyme pairs at different levels of separation in the metabolic network. Box plots of Pearson correlation coefficients for gene
expression profiles between enzyme pairs separated by different numbers of (A) linear metabolites, (B) convergent junctions, and (C) divergent junctions.
There is an upper limit of three intermediate convergent junctions in the metabolic network. The horizontal dashed line displays the median correlation
for all pairs of enzymes.
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Conclusions

Summary of results

In this study, we presented a genome-scale study of the transcrip-
tional regulation and evolution of the metabolic system of a fac-
ultative model bacterium that is capable of assimilating a large
variety of nutrients.

At the global level, regulators operate in a two-tier hierarchy
of general and specific TFs that control differing ranges of meta-
bolic functions. The two types of regulators also differ in other

characteristics such as expression level and chromosomal dis-
tance between genes encoding the TF and target gene. We also
show that catabolic, anabolic, and central metabolic pathways
operate under different regulatory regimes. Catabolic pathways
tend to be regulated by a combination of general and specific TFs.
Such an arrangement allows the system to respond to a combi-
nation of several environmental inputs, one of which is more
dominant than others. This is exemplified by the role of the
general TF CRP in carbohydrate metabolism, which represses all
alternative sugar assimilation pathways in the presence of glu-
cose. In fact, the expression of even a single additional pathway
can adversely affect the organism’s fitness (Dekel and Alon 2005).
Anabolic pathways are mostly targeted by a single TF, which
permits a “just-in-time” regulatory output as presented by Alon
and colleagues (Zaslaver et al. 2004). As anabolism tends to in-
volve the longest pathways in the network, this type of organi-
zation is advantageous in allowing enzymes at the end of path-
ways to be expressed later. Finally, central metabolism is a hub
whose activity should respond to diverse conditions, and accord-
ingly these are regulated by multiple TFs, among which, the gen-
eral TFs are known to be expressed under many conditions (Mar-
tínez-Antonio and Collado-Vides 2003).

At the local level, we examined the principles of co-regulation
of neighboring reactions. Here, in common with S. cerevisiae,
there is a strong tendency to coexpress enzymes that are arranged
sequentially. Interestingly, divergent junctions have gained a
special status in the metabolic network, as they play an impor-
tant role in decoupling the regulation of connecting pathways.
Through the introduction of this modularity, divergent junc-
tions allow pathways and their regulation to evolve indepen-
dently of each other.

It is important to note that although we do find a strong
general relationship between the regulation and expression of
enzymes (i.e., genes with identical TFs display similar expression
profiles), a recent high-resolution study shows that the precise
kinetics of target gene expression can differ substantially even
when identical regulatory architectures are involved (Kaplan et
al. 2008). Therefore, detailed understanding of how specific TF
combinations will produce particular outputs will only be pos-
sible once we consider the structure of the promoter and the
nature of upstream regulatory circuitry (such as the presence of
feedback and feed-forward loops).

Lastly, we show that enzymes controlled by the same TFs
display a strong tendency to coevolve, suggesting a significant
constraint to maintain similar regulatory regimes during evolu-
tion. In particular, differences in the evolution of catabolic, ana-
bolic, and central metabolic genes across the prokaryotic king-
dom clearly illustrate the role of the environment in dictating
bacterial evolution. By incorporating information about this
dependency, it may be possible to fine-tune predictions of an
organism’s habitat given its enzyme gene content, or more
ambitiously vice versa (Borenstein et al. 2008; Kreimer et al.
2008).

Comparison to other genome-scale studies of metabolic regulation

This study complements and expands on earlier genome-scale
studies of metabolic regulation, most notably that of Ihmels et al.
(2004). By using a large compendium of yeast gene expression
data, the investigators established that the transcriptional regu-
lation of the metabolic system in S. cerevisiae drives flux toward
linearity. Even at junctions, there is a tendency for a single pair

Figure 6. Conservation and coexpression of metabolic enzymes across
380 bacterial genomes. (A) Box plot of proportion of genomes containing
orthologs of catabolic, anabolic, and central energy enzymes. (B) Scat-
terplot between the Pearson correlation coefficients measuring coexpres-
sion and Phi correlation measuring coevolution of enzyme pairs. Data
points are shaded according to a normalized proportion of observations
in the data set, with darker shades representing higher proportions. (In-
set) The density distribution displays the mutual information between the
two sets of correlations for the actual data and random expectation from
1000 simulations.
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of incoming and outgoing reactions to be coexpressed, thus pri-
oritizing the flow of metabolites through selected pathways.

The major findings for S. cerevisiae also apply to E. coli: There
is very high co-regulation of linear-flow reactions, and junctions
preferentially target a single pair of flow-connected enzymes.
However, in contrast to the above study, we do not see differen-
tial regulation of isozymes at pathway junctions. Much of this
difference may be due to the contrasting accuracy in assigning
isozymes to pathways (see Methods).

A study by Kharchenko et al. (2005) showed that coexpres-
sion decreases with increased separation between enzyme pairs
in the metabolic network. Most recently, Notebaart et al. (2008)
reasoned that the level of enzyme coexpression is best predicted
by looking at the correlation of their metabolic fluxes. In fact, we
demonstrate that both observations can be explained by consid-
ering the nature of the separation between enzymes; we suggest
that the presence of a divergent junction serves to decouple both
the transcriptional regulation and metabolic flux of enzymes.

Of the above studies (Ihmels et al. 2004; Kharchenko et al.
2005; Notebaart et al. 2008), only Notebaart et al. made use of
available transcriptional regulatory data, whereas the other two
inferred patterns of co-regulation from gene expression data.
Here, we incorporated regulatory interaction data in addition to
gene expression information, and both data sets support all our
observations, confirming the robustness of the results. More im-
portantly, the use of direct interaction data allows us to gain
insights that are inaccessible from gene expression alone, includ-
ing the hierarchical classification of general and specific TFs; dif-
ferences in regulation of catabolic, anabolic, and central meta-
bolic pathways; and combined use of overlapping and distinct
TFs at pathway junctions.

Impact of perturbations on metabolic regulation

Given the observed precision of the metabolic regulatory appa-
ratus, it is surprising that the few TF-knockout experiments that
have been performed—even those involving major regulators—
generally do not cause lethality in E. coli (Covert et al. 2004;
Perrenoud and Sauer 2005; Blot et al. 2006; Bradley et al. 2007).
Mutant strains lacking FNR, Fis, and ArcA display the expected
gene expression changes (i.e., the pathways that are under direct
regulation), but show only slight differences in growth rate.
Moreover, a recent study has shown that E. coli tolerates substan-
tial artificial rewiring of the regulatory network through the in-
troduction of new binding sites to promoters (Isalan et al. 2008).
We anticipate that the modularity imposed by divergent junc-
tions is a major underlying reason for this robustness, as they
ensure that detrimental regulatory perturbations do not spill over
into neighboring pathways. Indeed, the metabolic system ap-
pears to maintain stable small-molecule concentrations by re-
cruiting alternative pathways, even when central metabolic en-
zymes are deleted (Ishii et al. 2007). These responses are likely to
impose a cost on the organism: Most knockouts are tested in isola-
tion, but significant growth defects may become apparent if they
are grown in competition with the wild-type strain in the appro-
priate condition. Although deletions of general regulators are not
lethal to the cell, it has been shown, using systematic genome-
scale gene deletion data sets in yeast, that these TFs tend to have
a greater impact on cell growth than specific TFs (Yu et al. 2004).
It would be interesting to test if this is true in E. coli using similar
genome-scale experimental studies and computational analysis.

These observations suggest that transcriptional regulators of

metabolic processes are probably not good targets for future an-
tibiotic design. Instead, it may be more fruitful to target the en-
zymes themselves. We propose that isozymes make good candi-
dates, as they are generally coexpressed at highly connected junc-
tions. By targeting isozyme pairs at strategic locations, it should
be possible to choke an organism’s metabolic system.

Our findings also have implications for the synthetic intro-
duction of new metabolic enzymes into a bacterium. A major
challenge when synthetic pathways overlap with the indigenous
cellular metabolic network is the prevention of potentially dis-
ruptive interference between pathways. This could be minimized
by ensuring that enzymes are incorporated close to divergent
junctions in the existing network so that there is no cross-talk.

Future work to complete the metabolic regulatory network

Our work here has benefited from the availability of large, ge-
nome-scale descriptions of the metabolic and regulatory systems,
and the results are robust to gaps and errors in the underlying
data. However, it is clear that we still do not have a complete
picture of metabolic regulation. There is an uneven distribution
of information, as more is known about regulators of catabolic
pathways than anabolic ones. And, as highlighted by Figure 1,
certain functions such as energy production, sugar, and amino
acid metabolism are better represented. In fact, we lack regula-
tory data for more than half the enzymes in the metabolic net-
work; in particular, little is known about the control of lipid
metabolism, secondary metabolite metabolism, and cell wall bio-
synthesis, which are critical for cell survival. An important area of
future experimental work in microbiology will be to build a com-
plete network of bacterial transcriptional regulation.

Finally, many of the results presented here have also been
observed for S. cerevisiae (Ihmels et al. 2004). This is remarkable
because of the enormous divergence between the regulatory ma-
chineries of E. coli and yeast. Given this, we propose that the
patterns of transcriptional control that we report might apply to
many prokaryotic systems and, perhaps, even to some eukaryotic
organisms.

Methods

Data sources

Metabolic network
Metabolite, enzyme, reaction, and pathway information were ob-
tained from EcoCyc 9.0 (Keseler et al. 2005). We used EcoCyc
pathway annotations as they are manually curated by human
experts and have been shown to be functionally coherent (Green
and Karp 2006).

We removed transport (reaction type TR* or ABC* in EcoCyc)
and tRNA charging reactions. We also excluded interactions me-
diated by the following compounds: ATP, ADP, AMP, Pi, NAD,
NADH, NADP, NADPH, FAD, FADH2, NH3, NH4

+, CO2, H2O2, O2,
H2, CoA, H2O, and any other metabolite labeled as “non-
metabolic-compounds,” “anions,” “cations,” “coenzymes,” or
“coenzyme-groups.”

This gives a data set of 628 metabolites, 781 enzymes, 788
reactions, and 158 pathways.

Transcriptional regulatory network
Transcription factor to target gene regulatory interactions were
obtained from RegulonDB 5.0 (Salgado et al. 2006). Additional
regulatory interactions for CRP were included from ChIP-chip
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data (Grainger et al. 2005). From this we excluded target genes
that did not belong to the metabolic network above. This re-
sulted in a data set of 111 TFs, 388 targets, and 913 regulatory
interactions. Data regarding 43 TF-metabolite interactions were
obtained from EcoCyc.

Gene expression data
Raw .CEL files for 221 transcriptomic hybridizations to Af-
fymetrix E. coli Antisense v2 GeneChips were downloaded from
the M3D database (Faith et al. 2007).

Other data

1. Functional classifications for E. coli genes were obtained from
the Clusters of Orthologous Groups database (Tatusov et al.
2003);

2. information about the operon organization of E. coli genes
was obtained from RegulonDB 5.0;

3. the set for 2777 enzyme pairs with coupled fluxes was taken
from Notebaart et al. (2008);

4. protein sequences for ortholog identification were down-
loaded from the Kyoto Encyclopedia of Genes and Genomes
database (Kanehisa et al. 2006); and

5. organism phenotype data (aerobic, anaerobic, facultative)
were obtained from the NCBI microbial genomes database
(http://www.ncbi.nlm.nih.gov/genomes/lproks.cgi).

Classification of catabolic, anabolic, and central energy
metabolic enzymes
Enzymes were classified as catabolic, anabolic, or central energy
metabolism according to EcoCyc annotations. All enzymes be-
longing to the glycolysis, TCA cycle, glyoxylate shunt, and pen-
tose phosphate pathways were classed as central energy metabo-
lism. Enzymes belonging to two or more categories (e.g., catabo-
lism and anabolism) were excluded from the relevant sections of
analysis.

Classification of general and specific TFs
TFs were classified according to the functional annotations of
target genes: specific if all targets belonged to the same EcoCyc
pathway or COG functional category; general if targets belonged
to more than one COG functional category. For general TFs, the
enrichment for functional categories was assessed using the
Fisher-test followed by False Discovery Rate correction for mul-
tiple testing (Benjamini and Hochberg 1995).

TF was classified as pathway (or COG) specific if all its tar-
gets shared a common EcoCyc pathway (or COG function) mem-
bership. General TFs were identified as follows: For each TF, en-
richment of a given COG function among its targets was assessed
using Fisher-test followed by FDR multiple testing. This proce-
dure has been applied to identification of enriched functional
categories in a given set of genes (Al-Shahrour et al. 2004). A TF
was flagged as general if at least one function was statistically
enriched (FDR ! 0.01) and there were at least 10 targets belong-
ing to this function.

Derivation of enzyme pair configurations
We first defined a metabolic reaction network as a bipartite graph
with two types of edges: (1) leading from a metabolite to a reac-
tion that consumes the metabolite and (2) from a reaction to its
product. Directionality of reactions was derived based on path-
way annotations.

The above network was then used to identify enzyme pairs
connected in different configurations as given below:

Flow configurations
These are networks that represent metabolite flow from one re-
action to the next.

(1) Linear flow: E1 (enzyme 1) is connected to E2 (enzyme 2) if
the product of E1 is product of no other enzyme and is reac-
tant to only E2;

(2) Junction flow: E1 is connected to E2 if a product of E1 is sub-
strate to E2 and this edge is not part of the linear-flow net-
work. Here, any metabolite that is consumed by more than
one reaction is a divergent metabolite; all other metabolites
are convergent metabolites.

Non-flow configurations
These networks do not represent the direction of metabolite flow.

3. Convergent: E1 is connected to E2 if they share a common
product.

4. Divergent: E1 is connected to E2 if they share a common reac-
tant.

In the first stage, the networks were represented as pairs of
reactions represented by EcoCyc reaction IDs. Connectivity prop-
erties of reactions (not individual enzyme genes) were used to
derive the four network types. In the second step, reaction pairs
were converted to corresponding enzyme pairs; any reaction pair
might be represented by more than one enzyme pair because of
the involvement of several genes in catalyzing a single reaction.

In the above analysis, all isozymes are mapped to the same
reactions without any discrimination. A separate analysis was
done for isozymes in order to achieve a more complete compari-
son with the work of Ihmels et al. (2004). In EcoCyc, every reac-
tion ID is mapped to an enzymatic conversion. Each enzymatic
conversion is represented by an enzyme that might be composed
of one or more genes. Any reaction that is mapped to more than
one enzymatic conversion was taken to be regulated by isozymes.
Every pair of enzymatic conversions assigned to the same reac-
tion ID was then analyzed at the level of individual enzyme
genes.

In order to calculate the nature of regulation of isozymes at
junctions, we made a list of junctions involving reactions using
isozymes. If the reaction involving isozymes fed into the junc-
tion, then there should exist more than one outgoing reaction.
Similarly, if the reaction involving isozymes led out of the junc-
tion, then there should be more than one incoming reaction. The
nature of regulation was calculated for every quadruplet of en-
zymes: two isozymes for the same reaction and two enzymes that
operate immediately upstream or downstream of the isozymes-
involving reaction. Any pair of reactions was flagged as being
co-regulated if the coexpression correlation across 221 arrays was
"0.30.

Path lengths in metabolic networks
The distance between any two reactions was calculated using the
nonheuristic Breadth First Search algorithm. For these calcula-
tions, the union of the linear-flow and the junction-flow net-
works was used. The distance between a metabolite and a reac-
tion (used to measure the separation between a metabolite that
binds a TF and an enzyme regulated by the TF) was defined as
either (1) the number of reactions upstream of the metabolite
and downstream from the target reaction or (2) the number of
reactions downstream from the metabolite and upstream of the
target reaction along the shortest path separating one of the re-
actions directly involving the metabolite and the target reaction.
The shortest of the above two distances was used.
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Enzymes involved in the shortest paths between any two
enzymes were identified using the iGraph package implemented
in R.

Microarray data processing
Raw CEL files were processed using the RMA procedure (Irizarry
et al. 2003) implemented in Bioconductor (Reimers and Carey
2006), as it was previously shown to be the best procedure for this
data set (Faith et al. 2007). This results in a matrix of log-normalized
expression measures in which each row represents a gene and each
column an array. Pearson correlation coefficients between gene
expression profiles of every pair of enzymes across all arrays were
calculated from this expression matrix.

Identification of orthologs
Orthologs were identified using the standard approach of bidi-
rectional best-hit FASTA (Pearson and Lipman 1988). For this,
FASTA version 34 and an upper expectation cutoff of 10!4 were
used.

Statistical tests

Standard tests
Five statistical tests were used in this study: (1) a one-tailed
Mann-Whitney test, a nonparametric test, for comparing two
distributions; (2) a one-tailed Fisher exact test, followed by ap-
plication of FDR in which more than one P-value was computed,
for categorical data; (3) a Pearson correlation coefficient to assess
coexpression; (4) a Phi correlation coefficient for nominal vari-
ables to measure coevolution; and (5) a Mutual information score
for testing association between coexpression and coevolution
correlations. Details of where each of these tests was used are
presented in context in the Results section.

In our calculations of Pearson correlations, we found that
75% of all gene pairs with correlation P-value < 0.001 have cor-
relation coefficients greater than 0.30. This cut-off was used to
define co-regulation primarily in the analysis of isozymes be-
cause of a lack of relevant information in the transcriptional
regulatory network.

Random simulations for significance testing of the highest of n
coexpression correlations
For any given set of m metabolites, with any metabolite mediat-
ing connections between ni (1 ! i ! m) pairs of enzymes, a dis-
tribution (size = m) of highest expression correlations among all
ni pairs of enzymes was obtained. In addition, 1000 random dis-
tributions, each of size m, and each value being the highest co-
expression correlation among ni randomly chosen pairs of en-
zyme genes, were obtained. The actual distribution was com-
pared against each of the 1000 random distributions using the
Mann-Whitney test, and P-values (under the null hypothesis that
the actual distribution is less than or equal to the random distri-
bution) were derived. This was done for the junction-flow (where
each P-value was <2.2 " 10!16) and for the non-flow (P-values
ranging from 0.004 and 0.2) networks.

Random simulation for significance testing of the mutual information
between coexpression and coevolution
We obtained 1000 sets of 9798 random pairs of correlation coef-
ficients, one value representing coexpression and the other co-
evolution correlation, while maintaining the distributions of
each of the two coefficients. For each of the 1000 random sets,
mutual information between the two variables was calculated. A

Z-score for the actual mutual information value was derived us-
ing the formula:

Z =
MI ! "R

#R

where MI is the actual mutual information score, µR is the mean,
and #R is the standard deviation of mutual information scores
calculated for the 1000 random data sets.

All these calculations were done using a combination of
Perl (http://www.perl.com) and the R environment (http://www.
r-project.org). Mutual information was calculated using the R
package supplied by Daub et al. (2004).

Normalization of coexpression versus coevolution correlations
In Figure 6B, we used the following normalization procedure to
obtain a measure of the overlap between coexpression and co-
evolution correlations corresponding to each bin.

If p is the number of bins for coexpression correlations and
q is that for coevolution correlations, and Ni,j represents the num-
ber of entries belonging to the intersection of the ith coexpres-
sion bin and the jth coevolution bin, then

V =
Ni,j

!
i=1

p

Ni,j + !
j=1

q

Ni,j

Robustness of results
In order to test the robustness of results obtained, we generated
transcriptional regulatory networks with deletion of or errors in
5%, 10%, 15%, 20%, 25%, and 30% of all edges. We then com-
pared the medians of the degree distributions obtained for cata-
bolic, anabolic, and central metabolic genes across these net-
works against the real network. We also used the percentage of
enzyme pairs with matching sets of regulators in the flow and the
non-flow metabolic configurations (local regulation) as a param-
eter to test the robustness of results. The effect on local regulation
of similar deletions and alterations in the various forms of the
metabolic network was also tested. In general, the results from
these calculations are qualitatively similar, suggesting that our
findings are unlikely to be affected by any incompleteness or
inaccuracies in the data set (Supplemental Fig. 12A,B).
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The gram-negative enteric bacterium Proteus mirabilis is a frequent cause of urinary tract infections in
individuals with long-term indwelling catheters or with complicated urinary tracts (e.g., due to spinal cord
injury or anatomic abnormality). P. mirabilis bacteriuria may lead to acute pyelonephritis, fever, and bacter-
emia. Most notoriously, this pathogen uses urease to catalyze the formation of kidney and bladder stones or
to encrust or obstruct indwelling urinary catheters. Here we report the complete genome sequence of P.
mirabilis HI4320, a representative strain cultured in our laboratory from the urine of a nursing home patient
with a long-term (>30 days) indwelling urinary catheter. The genome is 4.063 Mb long and has a G!C content
of 38.88%. There is a single plasmid consisting of 36,289 nucleotides. Annotation of the genome identified 3,685
coding sequences and seven rRNA loci. Analysis of the sequence confirmed the presence of previously identified
virulence determinants, as well as a contiguous 54-kb flagellar regulon and 17 types of fimbriae. Genes
encoding a potential type III secretion system were identified on a low-G!C-content genomic island containing
24 intact genes that appear to encode all components necessary to assemble a type III secretion system needle
complex. In addition, the P. mirabilis HI4320 genome possesses four tandem copies of the zapE metalloprotease
gene, genes encoding six putative autotransporters, an extension of the atf fimbrial operon to six genes,
including an mrpJ homolog, and genes encoding at least five iron uptake mechanisms, two potential type IV
secretion systems, and 16 two-component regulators.

Proteus mirabilis is not a common cause of urinary tract
infections (UTI) in normal hosts (65). Surveys of uncompli-
cated cystitis or acute pyelonephritis show that P. mirabilis
causes only a few percent of cases. Even in patients with re-
current UTI, the incidence of infection by this organism is only
a few percentage points higher. However, this organism infects
a very high proportion of patients with complicated urinary
tracts, that is, urinary tracts with functional or anatomic ab-
normalities or with chronic instrumentation. In these patients,
not only does this bacterium cause cystitis and acute pyelone-
phritis (20–22, 65, 73), but the production of urinary stones, a
hallmark of infection with this organism (23), further compro-
mises the already complicated urinary tract. P. mirabilis has
sporadically been reported to be a causative agent of bacter-
emia and nosocomial infections (59); additional evidence sug-
gests that this species is associated with rheumatoid arthritis
(62).

P. mirabilis is a highly motile gram-negative bacterium (52).
The ability of P. mirabilis to differentiate from short vegetative
swimmer cells to an elongated, highly flagellated swarmer
form, originally noted by Hauser in 1885, is a distinctive fea-
ture of this organism (63). P. mirabilis is well known to micro-
biologists as the species that forms a bull’s-eye pattern on an
agar plate as it swarms over the entire surface of the medium,
although the swarm morphotype is rarely found in the urinary
tract (28).

On the other hand, adherence is also a key virulence prop-
erty of P. mirabilis. This organism attaches to and swarms
across the surface of urinary catheters to gain a foothold in the
urinary tract (32). Once within the bladder, bacteria counteract
the flushing motion of urine flow by attaching to epithelial cells
(29). Adherence factors may also play a role in the ability of
this organism to colonize the kidneys or cross the renal barrier
into the bloodstream. Five fimbriae have been described to
date for P. mirabilis: mannose-resistant Proteus-like (MR/P)
fimbriae (1, 6), uroepithelial cell adhesin (UCA) or nonagglu-
tinating fimbriae (NAF) (17, 79), P. mirabilis fimbriae (PMF)
(1, 48), ambient-temperature fimbriae (ATF) (46), and P.
mirabilis P-like pili (PMP) (11). MR/P fimbriae, UCA, and
PMF have been shown to play a role in UTI pathogenesis in
virulence studies (6, 48, 79). Among these, the MR/P fimbriae
have been best studied. During infection, these phase-variable
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ology and Immunology, University of Michigan Medical School, 5641
Medical Science Bldg. II, 1150 W. Medical Center Dr., Ann Arbor, MI
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fimbriae are selected for and contribute significantly to the
fitness of P. mirabilis (6, 81).

Clinically, P. mirabilis is perhaps best known for its ability to
form stones in the bladder and kidney (40), as well as its ability
to form crystalline biofilms on the outer surface and in the
lumen of indwelling urinary catheters (57). Urolithiasis (stone
formation), a major clinical problem in patients infected with
P. mirabilis, is caused by the induction of urease, which hydro-
lyzes urea to ammonia, causing the local pH to rise and sub-
sequent precipitation of magnesium ammonium phosphate
(struvite) and calcium phosphate (apatite) crystals (23, 56, 57).
The stones resulting from aggregation of such crystals compli-
cate infection for three reasons. First, P. mirabilis caught within
the interstices of the forming stones is difficult to clear with
only antibiotics. Second, a stone serves as a nidus for non-P.
mirabilis bacteria to establish UTI, which also are difficult to
eradicate. Third, a stone can obstruct urine flow; pelvic and
renal stones are often associated with pyonephrosis and/or
chronic pyelonephritis.

We and other laboratories have previously identified viru-
lence determinants based on prominent phenotypes such as
hemolysis, adherence, and motility (5, 6, 15, 46, 47, 54, 55, 71).
Genetic screens including signature-tagged mutagenesis have
uncovered additional virulence properties with more subtle in
vitro phenotypes (13, 82). The complete nucleotide sequence
now defines each coding sequence (CDS) in the bacterium and
opens the door for a more thorough analysis of its strategy for
pathogenesis. Here we describe the 4.063-Mb genome of P.
mirabilis HI4320 that was isolated from the urine of a nursing
home patient with a long-term (!30 days) indwelling urinary
catheter (31, 78). This strain is considered a low-passage clin-
ical isolate. The sequence reveals that P. mirabilis possesses
many features of a true pathogen and has refined the ability to
switch from multiple adherence mechanisms to a highly motile
state.

MATERIALS AND METHODS

Bacterial strain and culture conditions. P. mirabilis strain HI4320, a proto-
typical isolate that is representative of the species (54), was isolated at a con-
centration of !105 CFU/ml from the urine of an elderly female nursing home
patient with a long-term (!30 days) indwelling catheter (78). This scenario is
representative of where P. mirabilis is most commonly isolated in the United
States, the United Kingdom, and indeed worldwide. This strain has been the
subject of numerous virulence studies with the CBA mouse model of ascending
UTI, including a signature-tagged mutagenesis study in which over 3,000 mutants
were screened for attenuation of virulence (13, 82).

Genomic DNA preparation. P. mirabilis was cultured in 100 ml Luria broth
overnight at 37°C with aeration. The culture was split into 10 10-ml portions for
DNA isolation. Genomic DNA from strain HI4320 was isolated using Qiagen
Genomic-tips with the genomic DNA buffer set (Qiagen) according to the man-
ufacturer’s instructions. Purified DNA was pooled and quantified by spectropho-
tometry; an A260/A280 ratio of 2 was found, confirming the purity of the DNA
sample.

Cloning and sequencing. Genome assembly was obtained from 60,288 paired
end sequences (giving eightfold coverage) derived from seven genomic shotgun
libraries (four in pUC19 with insert sizes of 2.6 to 3.0, 3.0 to 3.3, 3.3 to 4.0, and
2.0 to 4.0 kb; two in pMAQ1b_SmaI with insert sizes of 4.0 to 5.0 and 5.0 to 6.0
kb; and one in pBACehr with insert sizes of 25 to 40 kb) using dye terminator
chemistry with ABI3700 automated sequencers.

Sequence analysis, annotation, and comparative genomics. The sequence was
assembled, finished, and annotated as described previously (69), using Artemis
(66) to collate data and facilitate annotation. The DNA and predicted protein
sequences of P. mirabilis were compared to those of the sequenced Escherichia
coli genomes using the Artemis Comparison Tool (ACT) (14). Orthologous gene

sets were calculated by using reciprocal best-match FASTA comparisons with
subsequent manual curation. Pseudogenes had one or more mutations that
prevented translation; each of the inactivating mutations was checked against the
original sequencing data. Horizontally acquired DNA was identified by anoma-
lies in G!C content and GC deviation combined with the presence of mobility
genes, such as genes encoding integrases and transposases. Horizontally acquired
DNA was also identified by the Alien Hunter algorithm, which implements the
interpolated variable order motifs theory and predicts compositionally deviating
regions (74), and by anomalies in the G!C content and GC deviation. Addi-
tional analysis of the mrp and mrp" fimbrial operons and flagellar regulon was
conducted using Lasergene GeneQuest software (v.7.0.0; DNASTAR).

RNA extraction and Northern blotting. P. mirabilis HI4320 was cultured to
mid-exponential phase (optical density at 600 nm, 0.7). RNA was isolated by
using the method of Maroncle et al. (45). Briefly, 2 ml of a bacterial culture was
collected by centrifugation (6,000 # g, 8 min, 4°C). The bacterial pellet was
suspended in 10 mM morpholinepropanesulfonic acid (MOPS) (pH 7.3), 10 mM
KCl, and 5 mM MgCl2. An equal volume of a solution containing 20 mM MOPS
(pH 7.5), 40 mM EDTA, 200 mM NaCl, and 1% sodium dodecyl sulfate was
added, and the mixture was boiled for 2 min. Lysates were extracted twice with
phenol-chloroform-isoamyl alcohol (25:24:1). Then 0.05 volume of 1 M sodium
acetate was added, followed by 0.7 volume of 100% ethanol. The RNA was
allowed to precipitate for 20 min at $20°C and collected by centrifugation (9,500 #
g, 15 min, 4°C). The pellet was washed once with 70% ethanol, allowed to air dry,
and resuspended in RNase-free water. Contaminating DNA was removed with
DNase (Ambion).

Probes corresponding to 5S rRNA, the 5" and 3" ends of both 16S and 23S
rRNA, and an insertion sequence within some copies of 23S rRNA were con-
structed by PCR amplifying the chromosomal regions corresponding to rRNA
genes using oligonucleotide primers shown in Table S1 in the supplemental
material. These PCR amplicons were ligated into pCR2.1 (Invitrogen). E. coli
Top10 was electroporated with the ligation mixture, and plasmids with inserts
cloned in the orientation opposite to that of the T7 promoter were selected.
Plasmids were linearized with SpeI to facilitate transcription. The T7 promoter
was used to transcribe probes for Northern blotting using a DIG Northern starter
kit (Roche) according to the manufacturer’s instructions. Total RNA from
HI4320 was separated on a gel and hybridized with labeled probes according to
the DIG Northern starter kit protocol.

Nucleotide sequence accession numbers. The sequence and annotation of the
P. mirabilis chromosome and plasmid have been deposited in the EMBL data-
base under accession numbers AM942759 and AM942760, respectively.

RESULTS

General features of the P. mirabilis genome. The P. mirabilis
genome consists of a 4.063-Mb chromosome and a 36,289-
nucleotide (nt) plasmid (pHI4320) containing 3,685 and 55
CDSs, respectively. The origin of replication was assigned
based on the GC deviation of the genome and was found to be
between mioC (PMI3054) and gidA (PMI3055). The P. mira-
bilis chromosome is considerably smaller than the chromo-
somes of other Enterobacteriaceae (average, 4.6 Mb), including
uropathogenic strains of E. coli (CFT073, 5.23 Mb; UTI89,
5.21Mb; 536, 4.94 Mb). General features of the genome are
shown in Table 1, and schematic representations of the P.
mirabilis chromosome and plasmid are shown in Fig. 1 and 2,
respectively.

One of the most striking features of the HI4320 genome is
related to the seven complete rRNA operons; six of them are
16S-23S-5S operons, and one is a 16S-23S-5S-5S operon. Four
of the seven 23S rRNA genes have an intervening 173-nt se-
quence between nt 542 and 543 (Fig. 3A). The insertion ap-
pears to be removed and degraded during processing, resulting
in splitting of the 23S rRNA into 542- and 2,359-nt fragments.
Both the intact 23S rRNA from the three uninterrupted oper-
ons and the processed 542- and 2,359-nt 23S rRNA fragments
are visible when total RNA from P. mirabilis HI4320 is sepa-
rated on an agarose gel (Fig. 3B, lane 1). Northern blot analysis
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of P. mirabilis rRNA confirmed that the extra two rRNA spe-
cies compared to an E. coli RNA control are the processed 23S
rRNA fragments (Fig. 3C, lanes 23S-5! and 23S-3!). Further-
more, a probe specific for the insertion sequence does not
hybridize with any of the rRNA species, confirming the rapid
excision and degradation of this fragment (Fig. 3C, lane 23S-I).
Insertion sequences in P. mirabilis 23S rRNA have been re-
ported previously (51). The insertion in the 23S rRNA of strain
HI4320 appears to correspond with one of the previously re-
ported insertion sites in P. mirabilis (helix 25) (51).

P. mirabilis mobile/extrachromosomal genome. In addition
to the 4-Mb chromosome, P. mirabilis HI4320 was also found
to carry a plasmid. Not all P. mirabilis strains carry this plasmid
or other plasmids. The P. mirabilis HI4320 plasmid, designated
pHI4320, is highly related to R6K from E. coli (34) and en-
codes the " protein (encoded by PMIP01) and R6K replication
proteins (encoded by PMIP37 to PMIP39). Interestingly, two
independent transposon insertions in one of the plasmid CDSs
(PMIP09) that encodes a conjugal transfer protein were pre-
viously found to alter the virulence of P. mirabilis (13). Since it
is clear that this CDS is not involved in virulence per se, it is
possible that the plasmid carries other genes that might con-
tribute to virulence. The in silico analysis of the plasmid se-
quence did not reveal any obvious or known virulence factors.
However, the plasmid carries CDSs encoding a bacteriocin and
its immunity system (PMIP30 and PMIP31), which may confer
a competitive advantage to the bacterium in the urinary tract.

The genome sequence also revealed that other potentially
laterally acquired elements have also contributed to the ge-
nome evolution of this strain. These elements include both
prophage and genomic islands, some of which have an anom-
alous G#C content or GC skew compared to the surrounding
DNA. The genome contains three apparently complete pro-
phages (PMI0456 to PMI0530, PMI0892 to PMI0947, and
PMI1917 to PMI2007) and three degenerate prophages
(PMI0953 to PMI0967, PMI1710 to PMI1727, and PMI3468 to
PMI3493). In addition, the genome has a conjugative transpo-
son (PMI2423 to PMI2491) similar to the ICE R391 from
Providencia rettgeri (12) and another large genomic island
(PMI2549 to PMI2642) which encodes an adhesin (PMI2575),
as well as siderophore biosynthesis and transport genes
(nrpSUTABG).

Motility and chemotaxis. Interestingly, all flagellum-related
genes are located within a single 53.3-kb locus (Fig. 4). The
chemotaxis genes cheA, cheW, cheD, tap, cheR, cheB, cheY, and
cheZ are also located within this locus. The localization of all
flagellar genes within one contiguous locus is unusual, if not
unique, among bacterial species. This locus also includes six
CDSs (PMI1624 to PMI1628 and PMI1643) which encode
proteins with unknown functions; however, it is worth noting
that one of these CDSs (PMI1627) encodes a protein that is

weakly similar (26% amino acid sequence identity) to the ma-
jor fimbrial subunit (FloA) of CS18 fimbriae in E. coli (26).
The role played by these genes in motility, if any, remains to be
determined. Six other genes outside the flagellar locus encode
methyl-accepting chemotaxis proteins (PMI1180, PMI2380,
PMI2381, PMI2671, PMI2808, and PMI2809), and one aero-
taxis gene, aer (PMI2813), was identified. Genes encoding sev-
eral previously identified regulators of P. mirabilis flagellar
motility were also located in the chromosome, including umoA
(PMI3115), umoB (PMI3018), umoC (PMI1939), umoD
(PMI0876) (19), rssBA (PMI1696 and PMI1697) (35), wosA
(PMI0608) (25), and the rcsBCD regulatory system (PMI1729
to PMI1731) composed of genes encoding the sensor kinase
RcsC, the phosphotransfer intermediate protein RcsD (YojN)
(72) (also described as rsbA [42]), and the response regulator
RcsB (16).

Fimbriae and pili. Five fimbriae have been previously iden-
tified and studied to varying degrees: MR/P fimbriae (1, 6),
UCA (NAF) (17, 79), PMF (MR/K) (1, 5), ATF (46), and PMP
(11). Analysis of the HI4320 genome sequence revealed 12
additional previously undescribed chaperone-usher fimbrial
operons, bringing the total to 17 potential fimbriae encoded by
P. mirabilis (Table 2). Included in this list is an apparent du-
plication of the mrp operon immediately adjacent to mrpI (Fig.
5). The duplicated mrp operon, designated mrp!, does not
appear to have an invertible element in its promoter (38),
suggesting that expression of this operon is not responsive to
the MrpI recombinase. Interestingly, the previously character-
ized atf fimbrial operon (47) was described as having only three
genes (atfABC); the sequence revealed an additional three
genes in the operon (atfABCDEJ). This places P. mirabilis
among the bacteria encoding the most distinct types of fim-
briae. Ten of these fimbrial gene clusters encode homologs of
MrpJ, a repressor of motility (M. M. Pearson and H. L. T.
Mobley, submitted for publication).

In addition to the 17 fimbrial operons, there are 13 putative
orphan fimbrial genes that are not part of a complete operon.
PMI2622 to PMI2624 encode a fimbrial usher, a chaperone
containing a frameshift and two internal stop codons, and a
structural protein; this region likely comprises a cryptic fim-
brial operon. The other genes (PMI1033, PMI1627, PMI1812,
PMI1920, PMI1922, PMI1924, PMI1929, PMI2154, and
PMI3023) are isolated from other fimbrial genes but could act
in trans to further increase the variable complement of fim-
briae (33). Notably, PMI1627 is located within the flagellar
locus.

There are several genes which are potentially involved in the
assembly of type IV pili, such as genes encoding a putative
prepilin (PMI2315), a prepilin peptidase-dependent protein
(PMI2314), and a prepilin peptidase (PMI0342), suggesting
that P. mirabilis may produce one or more type IV pili.

TABLE 1. General features of the P. mirabilis genome

Genetic element Size (bp)
G#C

content
(%)

No. of
coding

sequences

Coding
density

Avg gene
size (bp)

No. of
insertion
elements

No. of rRNA
operons

No. of tRNA
genes

No. of
noncoding

RNA genes

No. of
pseudogenes

Chromosome 4,063,606 38.9 3,693 0.90 941 15 7 83 18 24
Plasmid 36,289 36.21 53 1.46 606 0 0 0 0 0
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FIG. 1. Circular representations of the genome of P. mirabilis. (A) The circles indicate (from the outside in) the positions of the following genes:
circles 1 and 2, all genes (transcribed clockwise and counterclockwise); circle 3, fimbrial operons; circle 4, mobile elements (pink, prophages; red,
integrative and conjugative elements; black, insertion elements); circle 5, RNA genes (blue, rRNA genes; red, tRNA genes); circle 6, G!C content
(plotted using a 10-kb window); circle 7, GC deviation ([G " C]/[G ! C] plotted using a 10-kb window; khaki, values more than 1; purple, values
less than 1). (B) Comparison of P. mirabilis with other enteric genomes. The outer scale shows the positions (in bp). The circles indicate (from
the outside in) the positions of the following genes. Circles 1 and 2 show all genes transcribed clockwise and counterclockwise, respectively (for

4030 PEARSON ET AL. J. BACTERIOL.
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Nonfimbrial adhesins and toxins. P. mirabilis HI4320 pos-
sesses several genes that may encode adhesins; PMI1359 and
PMI2950 are similar (46 and 31% amino acid identity, respec-
tively) to the ail (attachment and invasion locus) gene of
Yersinia enterocolitica (50).

Six potential autotransporter (type V secretion system)
proteins are encoded by P. mirabilis HI4320. Three of these
proteins (encoded by PMI0844, PMI2126, and PMI2341) have
the canonical autotransporter C terminus (pfam03797) and
also possess serine protease motifs and thus may serve as
toxins. The other three putative autotransporters (encoded by
PMI2122, PMI2174, and PMI2575) are members of the tri-
meric autotransporter family (C terminus with the pfam03895
motif) (18) and appear to be adhesins.

In addition to the adhesins, the genome carries several CDSs
that potentially encode toxins. PMI0004 and PMI2043 encode
products with homology to the cytotoxin RtxA (43). Two con-
tiguous CDSs, PMI1747 and PMI1748, encode a binary toxin
similar to the apoptotic toxin XaxAB from the insect pathogen
Xenorhabdus nematophila (75). PMI0023 encodes a putative in-
timin/invasin. Three contiguous CDSs, PMI2028 to PMI2030,
encode a type I secretion system that may be involved in the
secretion of some of these toxins and adhesins, particularly the
two RtxA paralogs.

Genes encoding all the components necessary to form a type
III secretion system were identified (PMI2681 to PMI2704).
This type III secretion system, which does not appear to play a
role in the urinary tract, is described in more detail elsewhere
(61).

The genome also encodes two two-partner secretion systems
(PMI0592 and PMI0593; PMI2056 and PMI2057). The
PMI0592-PMI0593 system is similar to the cdiABI locus that
appears to encode a contact-dependent inhibition system. E.
coli strains that express this system are able to halt the growth
of other E. coli strains that lack cdiABI in a nonlethal manner
(4). The second two-partner secretion system (PMI2056 and
PMI2057) was previously identified as containing the hemoly-
sin genes hpmBA (71).

Other virulence factors. The previously characterized immu-
noglobulin A-degrading metalloprotease (zap) locus zapEABCD
(PMI0276 to PMI0281) (76) was found to have three addi-
tional copies of zapE at the beginning of the locus (PMI0282 to
PMI0285). The role of these zapE paralogs in Zap metallopro-
tease function has not been determined yet.

LPS and capsule. Although at least 74 O serogroups have
been identified for Proteus species (80), the structure of P.
mirabilis HI4320 lipopolysaccharide (LPS) has not been eluci-
dated yet. Table S2 in the supplemental material lists genes
predicted to be involved in LPS and enterobacterial common
antigen biosynthesis.

To date, the P. mirabilis capsular polysaccharide (CPS) has
been defined for only one strain, ATCC 49565; in this case, the
CPS was formed from the same structure as the LPS O chain
(10). Thus, it is likely that genes listed in Table S2 in the
supplemental material also contribute to P. mirabilis CPS for-
mation (PMI3187 to PMI3197). Additionally, the glycosyl
transferase gene cpsF (PMI3190) has been shown to contribute
to P. mirabilis CPS (24). Five genes implicated in the regulation
of capsule synthesis have been located in HI4320: rcsA
(PMI1680), rcsB (PMI1730), rcsC (PMI1731), rcsD (yojN/rsbA)
(PMI1729), and rcsF (PMI2262).

Iron acquisition. The genome encodes a large number of
proteins that are potentially involved in scavenging a wide
range of iron substrates. At least eight iron uptake loci were
annotated in the P. mirabilis genome, including afuCBA
(PMI0188 to PMI0190), sitDCBA (PMI1024 to PMI1027), the
B12 transporter locus btuCD (PMI1041 to PMI1042), the
hemin uptake system locus hmuR1R2STUV (PMI1425 to
PMI1430), the ferric siderophore receptor locus ireA (PMI1945),
and the ferrous iron transport locus feoAB (PMI2920 to
PMI2921). A possible heme-binding system is encoded by
PMI3120 and PMI3121, and a putative iron receptor is located

an explanation of the colors, see below). Circles 3 to 14 show the positions of P. mirabilis genes that have orthologs (as determined by reciprocal
FASTA) in E. coli UTI89, E. coli CFT073, E. coli 536, E. coli APEC O1, E. coli O157:H7 Sakai, E. coli E24377A, E. coli K-12, P. luminescens, K.
pneumoniae, S. enterica serovar Typhimurium, Y. enterocolitica, and Y. pseudotuberculosis, respectively. Circle 15 shows a plot of the G!C content
(plotted using a 10-kb window), and circle 16 shows a plot of GC deviation ([G " C]/[G ! C] plotted using a 10-kb window; khaki, values more
than 1; purple, values less than 1). The positions of the following important regions (mentioned in the text) are indicated on the outermost circle:
putative toxins (black), fimbrial operons (red), Zap proteases (orange), flagella (dark blue), type III secretion system (purple), O antigen
biosynthesis (green), urease (light blue), and mobile elements (pink). Colors in both panels for genes in circles 1 and 2 indicate the following: dark
blue, cell processes, adaptation, or pathogenicity; black, energy metabolism; red, information transfer; dark green, surface associated; cyan,
degradation of large molecules; magenta, degradation of small molecules; yellow, central or intermediary metabolism; pale green, unknown; pale
blue, regulators; orange, conserved hypothetical proteins; brown, pseudogenes; pink, mobile elements; gray, miscellaneous.

FIG. 2. Circular representation of the P. mirabilis HI4320 plasmid.
Circles 1 and 2 (from the outside in) show all 55 CDSs transcribed
clockwise and counterclockwise, respectively. For an explanation of
the colors, see the legend to Fig. 1. Of particular interest, CDSs
indicated by pink encode a type IV conjugal transfer pilus, and CDSs
indicated by blue encode a proticin and immunity system.
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adjacent to a fecR homolog located at PMI3706-PMI3707.
There are also three other iron-related ABC transporters (en-
coded by PMI0229 to PMI0238, PMI2675 to PMI2677, and
PMI2957 to PMI2960) and 10 additional TonB-dependent
receptors (encoded by PMI0233, PMI0363, PMI0409,
PMI0842, PMI1548, PMI2596, PMI2618, PMI2619, PMI2680,
and PMI3246).

Intracellular stress. Three superoxide dismutases are en-
coded by the following P. mirabilis genes: sodA (PMI3036) (Mn
superoxide dismutase), sodB (PMI1397) (Fe superoxide dis-
mutase), and sodC (PMI1333) (CuZn superoxide dismutase).
Genes encoding catalase (katA; PMI1740), soxRS (PMI2705
and PMI1597), and oxyR (PMI3241) were also annotated in the
chromosome.

FIG. 3. (A) Alignment of the seven 23S rRNA gene copies in HI4320. The dotted lines indicate where an insertion is present in four of seven
copies of the 23S rRNA gene. Insertions are present in rRNA gene sequences 1, 2, 5, and 7. (B) RNA was isolated from P. mirabilis HI4320 and
uropathogenic E. coli strain CFT073 and resolved on a 1.5% agarose gel. Lane 1, HI4320 RNA; lane 2, CFT073 RNA. The positions of
double-stranded DNA molecular weight markers are indicated on the left. (C) Probes were designed to recognize the beginning and end of the
16S rRNA gene; the beginning, insertion sequence, and end of the 23S rRNA gene; and the 5S rRNA gene. These probes were used in a Northern
blot analysis of HI4320 RNA. The intervening sequence of the 23S rRNA gene is believed to be excised and degraded (51), leaving behind the
5! and 3! fragments, which appear as the second and fourth bands in the agarose gel in panel B.

FIG. 4. All genes that encode flagellar components are located in a 54-kb contiguous region of the HI4320 genome. There are 50 genes that
are known to be involved in flagellar structure, regulation, or chemotaxis in this locus. In addition, there are five hypothetical or unknown genes
between fliT and fliE (indicated by stippled arrows). It is unusual among the Enterobacteriaceae to find all the flagellar genes in one locus of the
chromosome. Class 1 genes are indicated by cross-hatched arrows, class 2 genes are indicated by filled arrows, and class 3 genes are indicated by
open arrows.
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Drug resistance. P. mirabilis HI4320 is known to be tetracy-
cline resistant and displays intermediate resistance to chloram-
phenicol. Genes conferring these resistance traits were located
in the genome; tetAJ (PMI2399) encodes a tetracycline resis-
tance protein, and cat (PMI0728) encodes chloramphenicol
acetyltransferase. Other potential resistance genes located in
the chromosome include a tellurite resistance operon (ter;
PMI2383 to PMI2393), the bicyclomycin (sulfonamide) resis-
tance gene bcr (PMI0829), a catB3-like putative acetyltrans-
ferase gene (PMI1693), and the kasugamycin resistance gene
ksgA (PMI2334). Genes involved in multidrug efflux or CDSs
that predict possible antimicrobial resistance are listed in Ta-
ble S3 in the supplemental material.

Metabolism. P. mirabilis has intact pathways for glycolysis,
the tricarboxylic acid cycle, gluconeogenesis, and the pentose
phosphate shunt. However, several redundant enzymes that
are present in these pathways in E. coli are missing in P.
mirabilis, including fumAB, tktB, talA, pfkB, and gpmI.

Arguably, the most important aspect of P. mirabilis metab-
olism is its ability to degrade urea. The urea-inducible urease
gene cluster PMI3681 to PMI3688 (ureRDABCEFG) encodes
a multimeric nickel-metalloenzyme that hydrolyzes the abun-
dant substrate in urine; this enzyme is required for virulence
and urolithiasis (stone formation) and has been well charac-
terized (27, 30).

The polyamine putrescine has been previously shown to act

as an extracellular signal required for swarming in P. mirabilis
(70). We identified two different likely pathways for the pro-
duction of putrescine by P. mirabilis. The first pathway involves
a single enzyme, ornithine decarboxylase (SpeF) (encoded by
PMI0307), which decarboxylates ornithine to form putrescine.
Interestingly, both import of the substrate (ornithine) and ex-
port of the product (putrescine) are mediated by a single pro-
tein, a putrescine-ornithine antiporter (encoded by PMI0306
[potE]). The second putrescine biosynthesis pathway includes
several steps, as shown in Fig. 6.

It is intriguing that P. mirabilis can potentially synthesize
urea (Fig. 6) and hydrolyze urea using its urease. It may be that
the synthesis of urea is useful when the bacterium is outside the
urinary tract and lacks this substrate. Another interesting pos-
sibility can be raised: in the presence of excess urea, one could
speculate that urea is consumed in the reverse reactions to
synthesize ATP for energy stores. If this pathway is indeed
reversible, this could also explain why P. mirabilis is rarely
found as swarmer cells in the urinary tract (28); excess urea
could lead to consumption of putrescine, which contributes to
swarming.

FIG. 5. The well-studied mrp fimbrial operon, mrpABCDEFGHJ, is required for full virulence in the CBA/J mouse model of ascending UTI
(6). The mrpI gene encodes a recombinase that controls the invertible promoter element for the mrp operon (38). Sequence analysis of the
completed HI4320 genome revealed a duplication of the mrp operon immediately upstream of mrpI. This mrp operon, currently designated mrp!
(open arrows), is missing the mrpB gene and the mrpI recombinase but otherwise is highly similar to mrp (filled arrows). The percentages of
similarity of the predicted MR/P! protein sequences to the MR/P protein sequences are indicated above the mrp! genes.

FIG. 6. Predicted generation of putrescine and urea from ammo-
nia. P. mirabilis HI4320 possesses seven genes potentially encoding a
pathway that converts ammonia, ATP, carbon dioxide, and water into
putrescine and urea in six steps.

TABLE 2. Chaperone-usher fimbrial operons
Genes Designation

PMI0254-PMI0261 ..................mrp! (66.7% identical at the nucleotide
level to mrp operon)

PMI0262-PMI0271 ..................mrp (mannose-resistant/Proteus-like
fimbria)

PMI0296-PMI0304 ..................Fimbria 3
PMI0532-PMI0536 ..................uca (uroepithelial cell adhesin); also

called naf (nonagglutinating fimbria)
PMI1060-PMI1067 ..................Fimbria 5
PMI1185-PMI1190 ..................Fimbria 6
PMI1193-PMI1197 ..................Fimbria 7
PMI1464-PMI1470 ..................Fimbria 8
PMI1877-PMI1881 ..................pmf (P. mirabilis fimbria); also called

MR/K
PMI2207-PMI2214 ..................Fimbria 10
PMI2216-PMI2224 ..................pmp (P. mirabilis P-like pili)
PMI2533-PMI2539 ..................Fimbria 12
PMI2728-PMI2733 ..................atf (ambient temperature fimbria)
PMI2997-PMI3003 ..................Fimbria 14
PMI3086-PMI3093 ..................Fimbria 15
PMI3348-PMI3352 ..................Fimbria 16
PMI3435-PMI3440 ..................Fimbria 17
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Regulation. Sixteen potential two-component regulator sys-
tems were identified and are summarized in Table S4 in the
supplemental material. There appears to be a surprising lack of
genes encoding synthesis or degradation proteins of the messen-
ger cyclic di-GMP. Only one gene (PMI3101) was found that
encodes a putative signaling protein with a GGDEF domain
(used in cyclic di-GMP synthesis). No genes encoding EAL or
HD-GYP domains, associated with the degradation of cyclic di-
GMP (64, 67), were found.

Genes encoding at least seven sigma factor subunits for
RNA polymerase have been identified in the genome. The
primary sigma factor RpoD (!70, !A) is encoded by PMI2372.
Genes encoding two sigma factors similar to those involved in
heat shock and cell envelope stress were identified: rpoH
(PMI3608) encoding the heat shock sigma factor !H or !32 and
rpoE (PMI1894) encoding !E or !24. An rpoN gene, encoding
a !54 sigma factor involved in nitrogen regulation, is encoded
by PMI3648. The rpoF (fliA, PMI1618) gene encodes !F (!28),
the class 2 activator in the flagellar cascade (Fig. 4). A FecR
homolog is encoded by PMI3708. Finally, the stress and sta-
tionary-phase sigma factor RpoS is encoded by PMI2236.

We also identified 18 small noncoding RNA genes that are likely
involved in several regulatory functions. Chief among these are two
copies of ryhB, which encodes a 90-nt RNA that down-regulates iron
storage and iron-using proteins under iron-limiting conditions (49).

Comparative genomics. The genome of P. mirabilis was com-
pared (by reciprocal FASTA) to the genomes of 12 members of
the Enterobacteriaceae, including seven E. coli strains (UTI89,
CFT073, 536, APEC O1, O157:H7 Sakai, E24377A, and K-12),
Photorhabdus luminescens, Klebsiella pneumoniae, Salmonella en-
terica serovar Typhimurium, Y. enterocolitica, and Yersinia pseudo-
tuberculosis (Fig. 1B). This comparison identified 784 CDSs that
are unique to P. mirabilis compared to the 12 enteric genomes

mentioned above (see Table S5 in the supplemental material).
Interestingly, a large number of these P. mirabilis-specific CDSs
encode virulence-related functions, such as fimbriae, adhesins,
autotransporters, O antigen, and proteases (see Table S5 in the
supplemental material).

Comparative genomic analysis also revealed 1,747 P. mirabilis
CDSs that are shared with the three sequenced genomes of uro-
pathogenic E. coli, the genomes of strains 536, UTI89, and
CFT073, including basic metabolic pathways. In addition, of the
131 genes that were previously identified as uropathogenic E. coli
specific (present in 10 uropathogenic E. coli strains but not in
three commensal strains) (44), 25 are present in P. mirabilis (Ta-
ble 3). Eleven of these genes are related to iron acquisition, a
critical virulence trait of uropathogens. Also, the genes encoding
an uncharacterized ABC transporter (PMI1480 to PMI1484) and
two regulatory systems (ibrBA [PMI0984 and PMI0985] [68] and
PMI2963) were found both on the uropathogenic E. coli-specific
list and in P. mirabilis HI4320.

Whole-genome alignment (using the ACT software) revealed
low levels of synteny and orthology between P. mirabilis and the
enteric bacteria mentioned above (an example of an alignment of
the genomes of P. mirabilis, E. coli UTI89, and Y. enterocolitica is
shown in Fig. S1 in the supplemental material; similar profiles
were observed when the whole genomes of P. mirabilis and other
enteric bacteria were compared). Thus, P. mirabilis appears to be
distantly related to the other sequenced enteric species.

DISCUSSION

P. mirabilis, a gram-negative enteric bacterium, is the first
bacterial agent of complicated UTI or catheter-associated UTI
to be sequenced. This opportunistic pathogen is well equipped
to colonize a compromised urinary tract. It can use urea as a

TABLE 3. P. mirabilis CDSs that are present in the set of 131 uropathogenic E. coli-specific genesa

Gene no. Designation Annotation CFT073 open
reading frame

PMI0229 ABC transporter, permease protein (FecCD transport family) c2516
PMI0984 ibrB Putative immunoglobulin-binding regulator c2484
PMI0985 ibrA Putative immunoglobulin-binding regulator c2485
PMI1233 Putative dihydrodipicolinate synthase c0761
PMI1426 hmuR2 Hemin receptor c4308 (chuA)
PMI1427 hmuS Hemin transport protein c4307 (chuS)
PMI1428 hmuT Hemin-binding periplasmic protein c4313 (chuT)
PMI1429 hmuU Hemin transport system permease protein HmuU c4317 (chuU)
PMI1480 ABC transporter, substrate-binding protein c5081
PMI1481 ABC transporter, permease protein c5080
PMI1482 ABC transporter, permease protein c5079
PMI1483 ABC transporter, ATP-binding protein c5078
PMI1484 ABC transporter, ATP-binding protein c5077
PMI2145 gatY Putative tagatose-1,6-bisphosphate aldolase c4018
PMI2597 MFS family transporter c2420
PMI2601 nrpU Putative siderophore biosynthetic protein c2430
PMI2603 nrpA Putative siderophore ABC transporter, ATP-binding/permease protein c2422
PMI2604 nrpB Putative siderophore ABC transporter, ATP-binding/permease protein c2421
PMI2676 Putative iron compound ABC transporter, permease c1651 (fecD)
PMI2677 Putative iron compound ABC transporter, ATP-binding protein c1650
PMI2679 modD Putative pyrophosphorylase c1647 (modD)
PMI2935 Putative membrane protein c4774
PMI2937 Putative exported protein c4776
PMI2963 Probable transcriptional regulator c1810
PMI3232 Putative amidohydrolase/metallopeptidase c4924

a See reference 44.
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nitrogen source, and this nitrogenous waste compound is plen-
tiful in the urinary tract. P. mirabilis has extraordinary potential
for adherence to host tissue. To our knowledge, this bacterium
encodes the highest number of fimbriae of any organism se-
quenced thus far. However, it can nimbly shift between adher-
ent and motile phenotypes, indicating the presence of a so-
phisticated regulatory network that controls the modulation
between alternate lifestyles. Fimbriae are encoded at loci
around the chromosome, while all flagellar genes are contigu-
ous. This bacterium has numerous virulence factors that have
been demonstrated experimentally. It is interesting, however,
that single gene mutations can fully attenuate the bacterium
(13, 82).

Along with Providencia and Morganella spp., P. mirabilis
produces urease. The synthesis of this multimeric nickel-met-
alloenzyme is urea inducible. Since urine contains approxi-
mately 0.4 M urea (23), urease is always synthesized (31). The
products of urea hydrolysis, ammonia and carbon dioxide, al-
kalanize the urinary tract, resulting in a pH ranging from 8 to
9, which often results in precipitation of normally soluble ions
and thus the formation of bladder and kidney stones. Beyond
urolithiasis, the environment created by P. mirabilis coloniza-
tion requires that surface-localized bacterial processes (e.g.,
enzymatic catalysis, fimbrial adhesin-receptor interaction, iron
acquisition, and cytotoxin activity) perform optimally at an
alkaline pH. For example, the surface-localized Proteus toxic
agglutinin (encoded by PMI2341) has a pH optimum for the
subtilase-like protease of 9.0, making this molecule well suited
to proteolyze its targets in a P. mirabilis-colonized urinary tract
(2). Certainly, in the life cycle of P. mirabilis environments that
lack urea are encountered. It is therefore interesting that there
is a pathway by which urea can be synthesized de novo (Fig. 6)
from ammonia and carbon dioxide.

Virulence determinants that mediate colonization have been
identified in numerous studies (6, 13, 30, 53, 82); however, the
genome sequence revealed previously unknown candidates
that one would predict also contribute to the pathogenesis of
infections. For example, several fimbriae have been shown to
contribute to P. mirabilis virulence. Prior to the sequencing of
the P. mirabilis genome, only five chaperone-usher fimbriae
had been identified in this organism (MR/P fimbriae, UCA,
PMF, ATF, and PMP). However, P. mirabilis potentially can
produce 17 unique fimbriae, which is more fimbriae than any
other bacterial species sequenced to date encodes. Notably,
Salmonella enterica serovar Typhi has a 4.81-Mb genome (60),
which is nearly 800 kb larger than the P. mirabilis HI4320
genome, yet it has only 12 fimbrial operons. Thus, the density
of fimbrial operons in the relatively small P. mirabilis HI4320
genome indicates the likely importance of these fimbriae for
this organism. Determining the expression profiles of these
fimbriae may reveal new roles in virulence or may provide
clues to the life cycle of P. mirabilis in other niches, such as the
soil or the gastrointestinal tract.

P. mirabilis differentiates between the vegetative fimbriated
swimmer cell and the hyperflagellated swarmer cell (8). The
discovery that all the flagellar genes of P. mirabilis are at a
single contiguous chromosomal locus, which is unusual in bac-
teria, presents interesting possibilities for regulation of flagel-
lar expression. The close proximity of all flagellar genes could

be key to the ability of P. mirabilis to rapidly switch from
swimmer cell to swarmer cell.

Several studies have documented coordinated expression of
virulence genes with the swarming phenomenon (3, 9, 41, 76).
In particular, the MR/P and NAF (UCA) fimbrial operons are
downregulated during swarming (36). Conversely, fimbrial
expression may repress flagellar motility; overexpression of
MrpJ, whose gene is cotranscribed with the mrp fimbrial
operon, represses flagellin expression and motility (39). At
least 14 other paralogs of MrpJ are present in this strain, and
10 are associated with fimbrial operons. These MrpJ paralogs
are being assessed to determine their ability to repress motility
when fimbriae are expressed (Pearson and Mobley, submit-
ted). The unique organization of the P. mirabilis flagellar regu-
lon, coupled with the surprisingly high number of fimbrial
operons, suggests that the decision to stick or swim is central to
the lifestyle of this opportunistic pathogen. As both motility
and adherence contribute to the ability of P. mirabilis to cause
disease, further research is necessary to determine how this
organism switches from a swarming state to an adherent state
and back again.

With the exception of multiple fimbriae and iron acquisition
systems, P. mirabilis may have fewer redundant pathways for
virulence than other genera in the Enterobacteriaceae. This
species is more easily attenuated by a single mutation than
other uropathogenic species, such as E. coli. In signature-
tagged mutagenesis studies of E. coli, for example, it was dif-
ficult to isolate transposon mutants that were attenuated by
more than 10-fold in the CBA mouse model of ascending UTI
(7). On the other hand, signature-tagged mutagenesis studies of
P. mirabilis using identical reagents yielded more than 30 trans-
poson mutants that were attenuated !10,000-fold (13, 82).

As the aging population continues to expand, more indi-
viduals will be at risk for P. mirabilis UTI (78). In the United
States, the proportion of the population that is !65 years
old is projected to increase from 12.4% (30 million) in 2000
to 19.6% (71 million) in 2030 (http://www.cdc.gov/mmwr
/preview/mmwrhtml/mm5206a2.htm). In 1997, the United States
had the highest health care spending per person who was !65
years old ($12,100) (http://fesportal.fes.de/pls/portal30/docs
/folder/ipg/ipg1_2002/artjacobzone.htm); nursing home and home
health care expenditures doubled from 1990 to 2001, reaching
approximately $132 billion (37). The absolute number of persons
who are !65 years old residing in 18,000 nursing homes in the
United States is currently estimated to be 1.5 million to 1.9 million
(58). In these facilities urinary incontinence, a very frequent com-
plication, is treated with long-term (!30 days) urinary catheter-
ization. Nearly 100% of these patients become bacteriuric (78),
often leading to fever and bacteremia and sometimes to death
(77). P. mirabilis and the related species Providencia stuartii and
Morganella morganii account for more than one-half of such in-
fections (57, 78). With the new understanding derived from the
complete genome sequence of P. mirabilis, novel antibiotic targets
and identification of protective antigens for use in vaccines may
be forthcoming and thus useful for controlling these infections.
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ABSTRACT

Algorithms for theoretical reverse translation have
direct applications in degenerate PCR. The conven-
tional practice is to create several degenerate
primers each of which variably encode the peptide
region of interest. In the current work, for each
codon we have analyzed the flanking residues in
proteins and determined their influence on codon
choice. From this, we created a method for theoret-
ical reverse translation that includes information
from flanking residues of the protein in question.
Ourmethod, named the neighbor correlationmethod
(NCM) and its enhancement, the consensus-NCM
(c-NCM) performed significantly better than the
conventional codon-usage statistic method (CSM).
Using the methods NCM and c-NCM, we were able
to increase the average sequence identity from 77%
up to 81%. Furthermore, we revealed a significant
increase in coverage, at 80% identity, from _ 20%
(CSM) to ` 75% (c-NCM). The algorithms, their
applications and implications are discussed herein.

INTRODUCTION

Word usage and codon usage in bacterial genomes has
been extensively documented, both in the coding (1) and
non-coding regions (2). These reports show that word
usage in genomes is non-random and it serves as a
biological signature of the organism in question. One such
signature is codon usage in open reading frames (ORFs),
and is reflected in measures such as the codon adaptation
index (CAI) (3). Though CAI provides a convenient
measure of codon bias, several reports show that codon
usage is not a property of isolated codons and in several

cases the bases immediately upstream or downstream
a!ect the translation (4). Such neighboring base e!ects are
well studied in case of stop codon read-through experi-
ments where the flanking base or codon has been shown to
a!ect the accuracy and magnitude of read-through (5).
Apart from single bases, the e!ect of flanking codons has
also been well studied in literature. Gutman and Hatfield
(6) show that there is a strong first-order Markovian
relationship between codons in a gene and this relation is
seen even after translation, in proteins. Boycheva and
colleagues extended this study to reveal that translation
e"ciency is strongly dependent on the dicodon pair that
encodes for a given amino acid pair (7). They suggest that
relative orientations of t-RNA in the ribosome may cause
the observed di!erences in translation e"ciency and
subsequently certain dicodon pairs are selected evolu-
tionarily. Moura and coworkers use a more recent and
larger dataset for an analysis of dicodon usage patterns in
both prokaryotes and eukaryotes. Their results suggest
that the geometric constraints imposed by the translation
machinery are driving forces in the evolution of gene
sequences in bacteria (8). Collectively, these results suggest
the existence of strong first-order Markovian relationships
between codons in a gene. We hypothesized that
information content of such correlations is carried over
to the proteins, at least in part, when the gene is
translated. This information manifests itself as a lack of
randomness in the choice of codons and it is apparent
when one attempts to theoretically reverse translate a
protein sequence.
Reverse translation has been discussed earlier as an

abstract logical flow of information from proteins to
DNA (9). In this work, we consider the pragmatic
problem of theoretical reverse translation itself, rather
than that of information flow from proteins to DNA.
Theoretical reverse translation of protein sequences has
potential applications in primer design for degenerate
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PCR and in design of synthetic genes (10). In degenerate
PCR, several primers are designed, each representing a
variant DNA sequence encoding the peptide region of
interest. One of the best methods designed for degenerate
PCR can, in the best case scenarios, still utilize up to 128
primers on one end (50- or 30-end) and one or more at the
other end (11). Though no specific software is available
for reverse translation, the conventional procedure is
to substitute codons for residues based on the overall
genomic codon usage probabilities which required di!er-
ent primers be designed for each ambiguous codon in the
gene in the region of interest. In practice, it is common for
almost all possibilities to be covered, increasing the
number of required primers exponentially. Thus, improve-
ments in reverse translation will help reduce the ambiguity
in degenerate PCR.
Improvements in reverse translation can be brought

about by studying the rules of codon usage in the genome,
which is feasible due to availability of whole genome
sequences. In this study, we created a framework for
reverse translation of bacterial gene sequences and term it
the neighbor correlation method (NCM), due to its use
of neighboring (flanking) sequence information to predict
codon usage. We provide evidence for the dependency of
codon choice on the flanking amino acid residues and used
this dependency to reverse-translate protein sequences
from two model genomes. We confirmed that NCM was a
substantial improvement over the conventional method
(codon-usage statistic method—CSM). Furthermore,
we introduced a modification to both CSM and NCM
[consensus CSM (c-CSM) and consensus NCM (c-NCM)]
to improve significantly the sensitivity of reverse transla-
tions by both CSM and NCM, and show that these
observed di!erences in performance are statistically
significant. Finally, using the protein sequences of
Salmonella typhi CT18 and the probability matrix from
Escherichia coli K12, we show that it is possible to reverse
translate sequences from organisms for which a reverse
translation matrix is not available, by using a matrix from
a related organism.

MATERIALS AND METHODS

All sequences were obtained from the NCBI database. For
the analyses, the genome and predicted ORF sequences of
E. coli K12 (12), B. subtilis (13), and S. typhi CT18 (14),
Acidobacteria bacterium (NC_008095), Aquifex aeolicus
(15), Bacteroides thetaiotaomicron (16), Bordetella pertus-
sis (17), Campylobacter jejuni (18), Caulobacter crescentus
(19), Chlamydia trachomatis (20), Clostridium acetobutyli-
cum (21), Dehalococcoides ehtenogenes (22), Deinococcus
radiodurans (23), Fusobacterium nucleatum (24),
Lactobacillus acidophilus (25), Mesorhizobium loti (26),
Methanococcus jannaschii (27), Methanopyrus kandleri
(28), Mycobacterium bovis (29), Mycobacterium tubercu-
losis (30), Mycoplasma genitalium (31), Myxococcus
xanthus (32), Nanoarchaeum equitans (33), Prochlorococ-
cus marinus (34), Pseudomonas aeruginosa (35), Rickettsia
prowazekii (36), Sulfolobus solfataricus (37), Synechococ-
cus elongatus (38), Thermoplasma acidophilum (39),

Ureaplasma urealyticum (40) and Magnetococcus sp.
(NC_008576) were used. We used needle, an implementa-
tion of the Needleman–Wünsch algorithm available in the
EMBOSS package (41) for all sequence identity analyses.
The algorithms discussed were implemented in PERL
(script provided as Supplementary Data) on a Linux
platform.

Analysis for non-random codon usage dependency
on flanking amino acid residues

For codons of interest, random occurrence model was
constructed based on codon usage and amino acid
frequencies in a given genome. We used 10 000 such
random sets to calculate the z-scores for each residue–
codon–residue combination. From the z-scores, P-values
were calculated and were multiply corrected for both
codon occurrence and amino acid occurrence biases using
Bonferroni correction. To identify those combinations that
have a skewed occurrence, we used a stringent threshold
of P50.0001.

Creation of the probability matrix for CSM

Codon usage in the genome interest was calculated using
the CUSP program in the EMBOSS package (41), and a
codon usage probability table was created based on that
information. For each amino acid the segmented prob-
ability interval spans from 0.0 to 1.0, where each
consecutive non-overlapping segment corresponds to
probability of a unique codon (Figure 1A). This prob-
ability interval matrix had 64 individual data points under
21 categories (20 amino acids+ stop codons).

Creation of the probability matrix for NCM

For each tripeptide A1–A2–A3 in the genome of interest,
we calculated the usage probabilities of codons for A2
flanked by A1 and A3. Based of these probabilities, we
created a probability interval matrix for all combinations
of A1–C!–A3, where C! is the codon that encodes A2. The
probability interval matrix thus created had 24 400
individual data points under 8000 categories
(20" 20" 20 amino acid combinations). Creation of
such a probability interval for the tripeptide S–A–S is
illustrated in Figure 1B.

Reverse translation

In reverse translation using CSM, a random number r was
generated where 0# r# 1, for each amino acid in the
query protein sequence. The codon corresponding to the
probability interval within which r falls was chosen for
reverse translation. In NCM, overlapping tripeptides were
used instead of single codons, and the codon was predicted
for the second residue. However, when reverse translating
with NCM, the first residue and stop codons were assigned
based on probability alone. This procedure is also
illustrated in Figure 1. c-NCM was created as an
enhancement to NCM, in which reverse translation was
performed n times using NCM for each protein sequence.
The final DNA sequence was obtained by creating a
consensus sequence from the n sequences created.
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Statistical analyses of differences between various methods

In order to statistically test the di!erence in performance
of the di!erent methods, we used (i) either Kolmgorov–
Smirnov (KS) or Mann–Whitney (MW) test for com-
paring distributions of nucleotide sequence identity and
(ii) F-test followed by FDR to identify sequence identity
range that is over-represented in one method over another.
These tests were used to compare (i) c-NCM and NCM
(ii) NCM and CSM and (iii) c-NCM and CSM. In case of
KS and MW tests, we used the sequence identity data. For
the F-test and subsequent FDR analysis, we used the
number of sequences scoring within a given sequence
identity interval (for example, 300 sequences scored
between 80% and 85%). All tests were run in R (http://
www.r-project.org). The complete statistical analysis and
data are provided in Supplementary Data.

Statistical analyses of iteration threshold for c-NCM

The c-NCM was performed on a random set of 1000
sequences in the E. coli K12 genome. Various iterations
were used, ranging from 5 to 100 in five steps. Resultant
sequences were compared with reference gene sequences
using needle and percentage identity calculated. The
distribution of scores from 50 iterations was compared
to (i) that of NCM for these 1000 sequences and (ii) the
distribution of scores from 100 iterations. For the
comparison, we used KS test with alternative hypothe-
sis=greater. There was no significant di!erence between

the scores of iterations 50 and 100 (P=0.2406). However,
there was a significant di!erence between NCM and the
50-iteration c-NCM (same test as above, P52.2! 10–16),
and hence we used 50 iterations as the threshold for
c-NCM predictions. A similar approach was used to test
the performance of c-CSM. The results of c-CSM were
then compared with those of c-NCM.

RESULTS AND DISCUSSIONS

Reverse translation of protein sequences is necessary for
the design of degenerate primers. In most cases, reverse
translation uses the codon usage statistics of the complete
genome or a representative set of genes for the organism
of interest. While dictated by overall genomic preference,
this method rests on the assumption that usage of a codon
in a gene is essentially random. Until this study, there has
been no comprehensive analysis on the statistics of
reverse-translation using the classical method. In this
work, we show that the choice of codons for reverse
translation can be refined further by taking into account
the residues flanking the residue of interest in a protein.
Based on this observation, we have devised a method
called the NCM that uses the correlation between codon
usage and flanking residues in proteins. As a case study,
we have analyzed the e"ciency of reverse-translation
using NCM performed on the set of predicted ORF of
E. coli K12 and B. subtilis.

Figure 1. Illustration of reverse translation methods. (A) shows reverse translation of a protein sequence based on codon usage and (B) shows the
reverse translation using NCM. GS represents ORF (gene) sequences from the genome of interest. The first part shows the creation of probability
intervals for both panels. For NCM, Bayesian probabilities of codon usage were calculated given the flanking residues. Note that the codon usage
profiles for alanine are distinct between the two methods. The second part depicts the reverse translation process, which is similar to both methods.
A random number ‘r’ was generated and the codon corresponding to the probability interval (the horizontal line spanning 0.0–1.0 in both panels)
within which r fell was used for creation of the ORF. This codon was then used for reverse translation.
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Correlation between codon choice and the flanking amino
acid residues in theE. coliK12 genome

We analyzed the codon usage in the genomes of both
E. coli K12 and B. subtilis and observed that the codon
usage was not random but was to some extent dependent
on the flanking codons. This dependency on flanking
codons was reflected as a dependency on the flanking
residues in proteins. For example, the codon GGC (Gly)
encodes for 40.5% of all glycine residues present in E. coli
(Supplementary Data). In the NCM, there are 400
possible theoretical combinations for any given codon.
If the distribution of GGC were to be random, each of the
combinations would span 0.25% (random probabil-
ity=0.0025) of the probability space. However, we
observed that GGC is often flanked by branched chain
aliphatic amino acids and hydrophobic amino acids. The
12 combinations (3% of total possible combinations)
shown in Table 1 contribute almost 12% of total GGC
usage in the genome, yielding a usage that is as much as
four times the expected random usage.
Though the analysis of GGX shows that codon usage is

non random, the data discussed is specific for E. coli.
Furthermore, glycine is encoded by only four codons and
does not exhibit maximum degeneracy. In order to both
test these observations in multiple genomes as well as to
use a more degenerately encoded amino acid, we have
analyzed the codon usage for the amino acid arginine in
30 genomes. Arginine is encoded by six codons and is
amongst the most degenerately encoded amino acids along
with leucine and serine. In our analysis, for each of the six
codons (C), we generated 10 000 random distributions
with flanking amino acid residues (R1–C–R2). Using these
random distributions, z-scores and P-values for each
observed combination were calculated. The calculated P-
values were adjusted for both codon representation bias
(for a given codon) and amino acid representation biases

(across all codons for a given flanking pair) using the
Bonferroni correction. The resultant values were screened
using a stringent threshold of P50.0001. We observed
that even after stringent corrections there were several
combinations that had a non-random distribution. The
results of these tests are given in Supplementary Data.

These tests prove that codon usage varies with a change
in flanking amino acid residues. We therefore hypothe-
sized that a method exploiting the flanking residue
information will be more sensitive in detecting signals
that are lost in the conventional method (CSM) for reverse
translation.

Comparison and analysis of reverse translations using
CSM and NCM

In order to compare the performance of CSM and NCM,
we reverse translated all the proteins in two genomes,
E. coliK12 and B. subtilis, using both methods. Identity of
the reverse translated proteins with the reference (original)
ORF was used to quantify sensitivity of the methods.
First, the distribution of percentage identities of nucleo-
tide sequences reverse translated via NCM is significantly
greater than that for CSM (P52.2! 10–16; one-tailed KS
test). A second assessment of performance using ratios of
sequence identities (%IDNCM/%IDCSM) revealed that
there was a small yet statistically significant increase in
average sequence identities (P52.2! 10"16; one-tailed
MW test, null-hypothesis: ratio=1). The average increase
in sequence identity for all the sequences was #1%. We
then grouped all sequence identities into bins of width 5%
and tested which bins were significantly enriched in NCM
over CSM. This revealed that NCM reverse translates
a significantly large number of protein sequences to
nucleotides withq high identities of 480–85% (P-value:
4.5! 10–15, Fisher’s test and FDR correction; Figure 2A).
At this sequence identity range, there are twice as many
DNA sequences predicted by NCM (239 sequences) as are
predicted by CSM (103 sequences).

With B. subtilis the overall numbers were lower,
although we observed a similar trend. For NCM, the
total number of sequences that had more than 75%
identity was 3670 and the same for CSM was 3347
(Figure 2B). This represented an increase 410% in NCM
predictions over CSM predictions. A 1% increase in the
median sequence identity was seen for the B. subtilis data
set as was in E. coli. As we increased the threshold to 80%,
we observed 200 proteins that were reverse translated by
NCM yet only 114 by CSM. Moreover, the average
identity of sequences reverse translated by either method
was lower in B. subtilis than in E. coli K12. On the whole,
these results suggest more random choice of codons in
B. subtilis than in E. coli K12. These collective results
underscore an important and fundamental distinction
between the two groups of bacteria tested: increased
randomness in the gram positive genome (B. subtilis) may
be an indicator of its earlier evolutionary origin as
compared to the gram negative (E. coli) genome (42).

In order to identify the CAI range within which NCM
was e!ective, we compared the distribution of CAI values
of genes whose IDNCM/IDCSM ratio was 41.01 with those

Table 1. Table showing strong distribution of the codon ‘GGC’ flanked
by hydrophobic amino-acids (ILV)

Residue 1 codon Residue 2 Occurrence
(Occ)

p(R1-GGC-R2)
(pX) = Occ/Total

pX/pRand

A GGC G 326 0.008 134 3.253
A GGC V 399 0.009 956 3.982
G GGC G 362 0.009 033 3.613
G GGC V 343 0.008 559 3.423
I GGC A 352 0.008 783 3.513
I GGC G 371 0.009 257 3.703
I GGC V 303 0.007 561 3.024
L GGC A 364 0.009 083 3.633
L GGC G 473 0.011 803 4.721
L GGC V 477 0.011 902 4.761
S GGC G 324 0.008 085 3.234
V GGC G 326 0.008 134 3.253

Occurrence in table denotes overall genomic occurrence of the
combination. The pX denotes the occurrence probability of the
combination X (occurrence/total occurrences of the codon GGC).
The pRand denotes the random occurrence probability of the
combination X (pRand=1/400=0.0025). The pX/pRand denotes
the ratio between observed and expected probabilities. These 12
combinations (out of 400) represent almost 12% of the total
occurrences of GGC in the genome (expected=3%) representing a
skew in codon usage dependent on flanking residues.
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whose IDNCM/IDCSM ratio was50.99 (KS test, alternative
hypothesis=CAI distribution of NCM is lesser than that
of CSM; P51.0! 10–6). These results show that NCM
performs significantly better than CSM in regions of
low CAI.

Comparison of CSM and NCM on various phyla
in the bacterial kingdom

In the previous section, we discussed and compared the
results of reverse translation using CSM and NCM in two
divergent bacterial species. Despite the phylogenetic
distance between the two species, the both were eubacteria
with moderate GC content. In order to show that the
di!erences are real, we tested and compared the methods
28 di!erent bacterial genomes, each representing a major
clade in the bacterial kingdom as listed in KEGG (43).
This list included one each of various groups like
Archaebacteria, alpha-, beta-, gamma- and delta-
proteobacteria, firmicutes, mollicutes, actinomyces,
halo- and acido-bacteria, green sulfur and non-green

sulfur bacteria, and cyanobacteria. The exhaustive list of
organisms and a comparison of CSM and NCM in these
genomes is tabulated in Table 2, and Supplementary Data
lists the minima, maxima, median, first and third quartiles
for these methods for all the genomes. From Table 2, it is
evident that NCM outperforms CSM not only in genomes
with moderate GC content but also in all major bacterial
clades.

Improving the performance of NCM: the c-NCM

While NCM o!ered a better method to reverse-translate
protein sequences, the overall improvement over CSM
was apparent only at a higher sequence identity cut-o!
and for only a small fraction of the sequences. In order to
improve the sensitivity of NCM, we developed a technique
known as c-NCM, where the same protein was reverse-
translated n times and a consensus was derived from the
resultant sequence set. Our tests with a random set of 1000
sequences derived from E. coli K12 genome (Figure 3)
demonstrated a drastic improvement from 1 cycle to 20
cycles. After 25 cycles, there was only a small improve-
ment in prediction e"ciency, which became insignificant
beyond 50 cycles as compared to 100 cycles (KS test,
alternative hypothesis= two-tailed: P-value=0.2406).
Moreover, our tests with a sample set of 100 sequences
show that there is no significant improvement in sequence
identity between 100 and 1000 cycles (data not shown).
Hence we chose to use 50 cycles for subsequent
c-NCM-based studies. The results of c-NCM are sum-
marized along with those for CSM and NCM, in
Figure 2A and 2B for E. coli K12 and B. subtilis,
respectively. The average identity of reverse translated
sequences increased by 4% with c-NCM when compared
to the results from NCM. In summary, c-NCM reverse
translated 475% of sequences with 80% identity or more
while the percentage of sequences scoring the same with
NCM was 520% in both genomes. This di!erence is
highly significant (P=0 for 485–90% ID and 2.3! 10–44

for 480–85% ID, Fisher’s test and FDR correction).
These results revealed that c-NCM is an e!ective method
for reverse translation of protein sequences based on
genomic usage matrices, and also indicate that the
performance of c-NCM was significantly better than
both NCM and CSM. As was the case for CSM and
NCM, we tested c-NCM on all the 30 genomes (Table 2).
It could be seen that the performance of c-NCM was
significantly di!erent between both NCM and CSM for
all phyla.
Apart from testing c-NCM on di!erent genomes, we

were also interested in analyzing the e!ects of consensus
improvisation on the CSM method. Di!erences from the
normal trend, if any, would allow us to discern genomes
that have increased, or decreased randomness in their
codon usage. On the same set of 30 genomes, we
performed c-CSM (50 cycles) and compared the results
with that of c-NCM using a Wilcoxon Rank Sum test. The
results in Table 2 show that in 70% (21 of 30) of the tested
genomes, c-NCM had a better performance than c-CSM.
In five cases, the di!erence between the two methods
was insignificant. These genomes were, Aquifex aeolicus

Figure 2. Percentage identity distribution of reverse translated ORF
sequences in E. coli K12 and B. subtilis are shown in Panel A and B,
respectively. This study compares the identities of reverse translations
by CSM, NCM and c-NCM, revealing the distribution of percentage
identities of reverse translated ORFs to the native ORFs. Two
genomes, E. coli K12 and B. subtilis, are represented herein. Note
that the NCM predictions are both qualitatively and quantitatively
better and are also more numerous beyond 77% identity in both cases.
This graph depicts the current limits of theoretical reverse-translation at
"85% for all the methods. The improvement of c-NCM over CSM and
NCM, especially in regions of higher sequence identity, is clearly visible
and significant (F-test with FDR correction; P52.3! 10–44).
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(hyperthermophile), Bordetella pertussis (beta-
proteobacteria), Methanopyrus kandleri (euryarchaeota),
Prochlorococcus marinus (cyanobacteria) and Acidobac-
teria bacterium (acidobacteria). In four other cases,
c-CSM performed significantly better than c-NCM: they
were Rickettsia prowazekii (alpha-proteobacteria/
Rickettsiae), Clostridium acetobutylicum (Clostridia),
Fusobacterium nucleatum (Fusobacteria), and Lactobacil-
lus acidophilus (Lactobacillales). These results, at least for
P. marinus and M. kandleri, show that in archaeal and
cyanobacterial genomes very little of tricodon usage
information is carried over to the protein level.

Application of reverse translation to an external genome:
Salmonella typhiCT18

In the previous sections, we demonstrated that the
improvised method (c-NCM) performed significantly
better than CSM and NCM. We hypothesized that
NCM matrices created from a genome can be used for
reverse translating protein sequences from a related
genome. S. typhi CT18 is 67% identical to E. coli K12
genome at the DNA level, and hence was a good model
system to test our hypothesis. Results from these
comparisons showed significant di!erences between the
prediction quality between CSM and NCM. Again, as was
seen in 21 other genomes, the use of c-NCM improved
prediction quality, with average identity beyond 80%.
There was a very small di!erence in the average identities
and the distribution between S. typhi CT18 (Figure 4) and
E. coli K12 (Figure 2A). These observations confirmed

Table 2. Table comparing performance of CSM, NCM, c-CSM and c-NCM in 30 di!erent clades of bacterial kingdom

Clade Organism Genome ID CSM–cNCM NCM–cNCM cCSM–cNCM

Hyperthermophiles Aquifex_aeolicus NC_000117 2.2xE-16 2.2xE-16 0.2643
Bacteroides Bacteroides thetaiotaomicron NC_000908 2.2xE-16 2.2xE-16 2.2xE-16
Beta-proteobacteria Bordetella pertussis NC_000909 2.2xE-16 2.2xE-16 2.2xE-16
Delta-proteobacteria Myxococcus xanthus NC_000918 2.2xE-16 2.2xE-16 2.2xE-16
Epsilon-proteobacteria Campylobacter jejuni NC_000919 2.2xE-16 2.2xE-16 2.2xE-16
Alpha-proteobacteria Caulobacter crescentus NC_000962 2.2xE-16 2.2xE-16 2.2xE-16
Chlamydia Chlamydia trachomatis NC_000963 2.2xE-16 2.2xE-16 2.2xE-16a

Clostridia Clostridium acetobutylicum NC_001263 2.2xE-16 2.2xE-16 2.2xE-16
Green-nonsulfur Dehalococcoides ethenogenes NC_002162 2.2xE-16 2.2xE-16 5.168xE-08
Deinococcus Deinococcus radiodurans NC_002163 2.2xE-16 2.2xE-16 2.2xE-16
Fusobacteria Fusobacterium nucleatum NC_002516 2.2xE-16 2.2xE-16 1.567xE-08
Lactobacillales Lactobacillus acidophilus NC_002578 2.2xE-16 2.2xE-16 2.2xE-16
Alpha-rhizobacteria Mesorhizobium loti NC_002678 2.2xE-16 2.2xE-16 2.2xE-16
Euryarchaeota Methanococcus jannaschii NC_002696 2.2xE-16 2.2xE-16 0.2876
Euryarchaeota Methanopyrus kandleri NC_002754 2.2xE-16 2.2xE-16 2.936xE-10
Actinobacteria Mycobacterium bovis NC_002929 2.2xE-16 2.2xE-16 2.2xE-16
Actinobacteria Mycobacterium tuberculosis NC_002936 2.2xE-16 2.2xE-16 2.2xE-16
Mollicutes Mycoplasma genitalium NC_002945 2.2xE-16 2.2xE-16 2.2xE-16
Nanoarchaeota Nanoarchaeum equitans NC_003030 2.2xE-16 2.2xE-16 2.2xE-16a

Cyanobacteria Prochlorococcus marinus NC_003454 2.2xE-16 2.2xE-16 2.2xE-16a

Gamma-proteobacteria Pseudomonas aeruginosa NC_003551 2.2xE-16 2.2xE-16 0.01897
Alpha/Rickettsiae Rickettsia prowazekii NC_004663 2.2xE-16 2.2xE-16 2.2xE-16
Crenarchaeota Sulfolobus solfataricus NC_005072 2.2xE-16 2.2xE-16 0.761
Cyanobacteria Synechococcus elongatus NC_005213 2.2xE-16 2.2xE-16 0.0011
Euryarchaeota Thermoplasma acidophilum NC_006576 2.2xE-16 2.2xE-16 2.2xE-16
Spirochete Treponema pallidum NC_006814 2.2xE-16 2.2xE-16 2.2xE-16 a

Mollicutes Ureaplasma urealyticum NC_008009 2.2xE-16 2.2xE-16 0.0455
Acidobacteria Acidobacteria bacterium NC_008095 2.2xE-16 2.2xE-16 5.471xE-05
Magnetococcus Magnetococcus MC-1 NC_008576 2.2xE-16 2.2xE-16 2.2xE-16

aIn these cases, c-CSM performed significantly better than c-NCM.

Figure 3. Standardization of iteration values for c-NCM.
This figure illustrates the improvement in sensitivity as the number of
iterations is increased in NCM. We performed c-NCM-based reverse
translations for 1000 randomly chosen proteins using various iterations
(5–100, in five steps) and compared the results with (A) predictions
from NCM and (B) predictions from 100 iterations of c-NCM. It can
be seen that the largest di!erence is between iteration values of 1
(NCM) and 50 (KS test, alternative=greater; P=2.2! 10–16).
However, there is a small increase of sensitivity as the iterations are
increased. The sensitivity di!erence was tested to 100 cycles and since
there was no significant di!erence between 50 and 100 cycles (KS test,
alternative=greater; P=0.2406), we chose the threshold for c-NCM
at 50 cycles.
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that our method can be successfully applied to related
genomes, suggesting increased fidelity in the design of
degenerate primers for an organism whose gene sequence
information is meager or non-existent. In such cases, the
use of (c-)NCM matrices from a related organism is a
viable alternative.

Throughout this work, we have concentrated on the
applications of reverse translation in design of degenerate
PCR. However, these studies also reveal the underlying
logic of codon usage in genes in general, and such
knowledge will be imperative in the design of synthetic
genes to be used in artificial genetic systems and can also
be used to adapt recombinant genes in a host specific
manner.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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Abstract Escherichia coli strains are the major cause of
urinary tract infections in humans. Such strains can be
divided into virulent, UPEC strains causing symptomatic
infections, and asymptomatic, commensal-like strains caus-
ing asymptomatic bacteriuria, ABU. The best-characterized
ABU strain is strain 83972. Global gene expression proWl-
ing of strain 83972 has been carried out under seven diVer-
ent sets of environmental conditions ranging from
laboratory minimal medium to human bladders. The data
reveal highly speciWc gene expression responses to diVerent
conditions. A number of potential Wtness factors for the
human urinary tract could be identiWed. Also, presence/
absence data of the gene expression was used as an adap-
tive genomics tool to model the gene pool of 83972 using
primarily UPEC strain CFT073 as a scaVold. In our analy-
sis, 96% of the transcripts Wltered present in strain 83972
can be found in CFT073, and genes on six of the seven
pathogenicity islands were expressed in 83972. Despite the
very diVerent patient symptom proWles, the two strains

seem to be very similar. Genes expressed in CFT073 but
not in 83972 were identiWed and can be considered as viru-
lence factor candidates. Strain 83972 is a deconstructed
pathogen rather than a commensal strain that has acquired
Wtness properties.

Keywords Asymptomatic bacteriuria · 
Global gene expression · Microarray · 
Urinary tract infections · Virulence factors

Introduction

Urinary tract infection (UTI) is one of the most common
infectious diseases in humans and a major cause of morbid-
ity. It is estimated that 40–50% of adult healthy women
have experienced at least one UTI episode (Foxman 2002).
UTI can be caused either by pathogenic strains leading to
symptomatic UTI or by asymptomatic bacteriuria (ABU)
strains resulting in a symptom-free carriage resembling
commensalism. Escherichia coli is responsible for more
than 80% of all UTIs. Acute pyelonephritis is a severe
acute systemic infection caused by uropathogenic E. coli
(UPEC) clones with virulence genes clustered on “pathoge-
nicity islands” (PAIs) (Eden et al. 1976; Funfstuck et al.
1986; Stenqvist et al. 1987; Orskov et al. 1988; Johnson
1991; Welch et al. 2002). Paradoxically, a large proportion
of UTIs are caused by ABU E. coli. Individuals infected
with ABU-class E. coli may carry high urine titres of a sin-
gle E. coli strain for months or years without provoking a
host response.

Escherichia coli 83972 is a prototype ABU strain and
undoubtedly the best-characterised ABU-class E. coli to
date. Strain 83972 was originally isolated in the 1970s from
a young girl who had carried it for at least 3 years without
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symptoms (Lindberg et al. 1975; Andersson et al. 1991).
The strain is well adapted for growth in the human urinary
tract (UT) where it establishes long-term bacteriuria (Hull
et al. 2000). It has been used for prophylactic purposes in
numerous studies; as such it has been used as an alternative
treatment in patients with recurrent UTI who are refractory
to conventional therapy (Hull et al. 2000). An ongoing
study on patients infected with strain 83972 has so far
reported over 50 patient years with no serious side eVects
(Sundén et al. 2006).

ABU patients may carry a single strain for months or
years, creating a condition that resembles commensalism,
but with a strain that may have evolved from a pathogenic
ancestor. Several lines of evidence support the notion that
the ancestor of strain 83972 was a pyelonephritic UPEC
strain; it belongs to the B2 clonal group, a group associated
with pyelonephritis and other extra-intestinal invasive clini-
cal syndromes such as bacteremia, prostatitis and meningi-
tis; the strain also contains gene clusters in various stages of
erosion encoding the three UPEC-class Wmbriae, i.e. the
Wm, pap and sfa/foc clusters (Klemm et al. 2006; Roos et al.
2006a).

Several studies have investigated the virulence charac-
teristics of uropathogenic E. coli (UPEC) isolates and ABU
isolates, in order to get better understanding of how some
UTI strains can cause severe disease, while others can be
used prophylactically to prevent the same (Blanco et al.
1996; Dobrindt et al. 2003; Vranes et al. 2003; Johnson
et al. 2005; Marrs et al. 2005). ABU strains have been
shown to lack many of the virulence-associated pheno-
types; many of them are nonhaemolytic, nonadherent and
lack haemagglutination ability (Vranes et al. 2003). Strain
83972 lacks many of the virulence-associated phenotypes
but has been shown to carry many of the virulence-associ-
ated genes, such as kps, iutA, fyuA and malX (Dobrindt
et al. 2003). However, apart from the Wmbrial clusters, the
strain has not been sequenced and it is not known which
genes it shares with other E. coli isolates, which of the
genes in the E. coli “core genome” it carries and which
genes it shares with other UTI isolates.

Thus far, although a number of UPEC isolates (i.e.
CFT073, 536, UTI89 and F11) have been completely
sequenced, no genomic sequencing of any ABU strain has
been reported. Comparative genomics proWling using
microarray chips designed to cover entire genomes is one
strategy to obtain information about variability between
diVerent strains of the same species and indication of hori-
zontal gene transfer (Willenbrock et al. 2006). DNA micro-
array-assisted functional genomics provides the global
expression proWle of a strain, revealing which genes are
expressed under certain conditions. Global gene expression
proWling of ABU strain 83972 employing the GeneChip
E. coli Genome 2.0 Array (AVymetrix), containing four

E. coli genomes including that of the UPEC isolate
CFT073, will not only provide information regarding the
up- and down-regulation of genes comparing diVerent con-
ditions, but will also reveal which genes are actually pres-
ent (expressed) in the genome of 83972. Bacterial
pathogens diVer from commensals by expression of speciWc
virulence factors such as those that mediate histological
damage. Commensals, in contrast, have generally been
regarded as bacteria lacking such virulence factors or other
speciWc mechanisms for interaction with host tissues. Here
we compare the global expression proWles of E. coli ABU
strain 83972 grown under a number of diVerent in vitro
conditions and in three patients in order to get a representa-
tive picture of which genes are present/expressed in the
genome of this asymptomatic UTI strain.

Materials and methods

Bacterial strain

Escherichia coli 83972 is a prototype ABU strain and lacks
deWned O and K surface antigens (Lindberg et al. 1975). It
belongs to the ECOR group B2 together with many other
UTI strains such as the well-characterized and virulent
E. coli isolates CFT073, 536 and J96.

Growth conditions and stabilisation of RNA for microarray 
experiments of E. coli 83972 grown on urine agar plates

Human urine was collected from four healthy men and
women volunteers who had no history of UTI or antibiotic
use in the prior 2 months. The urine was pooled, Wlter
sterilised, stored at 4°C, and used within the following day.
E. coli 83972 was grown aerated in triplicates in 10 ml of
human urine for 6 h. Thereafter, 100 !l of each culture was
spread on urine plates (1:1 ratio of human urine and 0.9%
NaCl) containing 1.5% agar. The plates were incubated at
37°C for 16 h. Subsequently, 600 !l of a 1:2 mixture of PBS
and RNAprotect™ Bacteria Reagent (QIAGEN AG) was
poured on the plates, mixed with the lawn of cells and incu-
bated for 5 min at room temperature to stabilise RNA. The
stabilised mixture was then centrifuged and pellets were
stored at ¡80°C. The samples from 83972, grown exponen-
tially in MOPS and urine, in urine bioWlms and in patients
(>108 CFU/ml) were all treated identically with RNApro-
tect Bacteria Reagent and have been described previously
(Roos and Klemm 2006; Hancock and Klemm 2007).

RNA isolation and microarray hybridisation

Total RNA was isolated using the RNeasy® Mini Kit
(QIAGEN AG) and on-column DNase digestion was
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performed using RNase-Free DNase Set (QIAGEN AG). The
quality of the total RNA was examined by agarose gel elec-
trophoresis and by measuring the absorbance at 260 and
280 nm to ensure intact high-quality RNA. PuriWed RNA
was precipitated with ethanol and stored at ¡80°C until fur-
ther use. Conversion of RNA (10 !g per sample) to cDNA,
labelling and microarray hybridisation were performed
according to the GeneChip Expression Analysis Technical
Manual 701023 Rev. 4 (AVymetrix, Inc., Santa Clara, CA).
GeneChip E. coli Genome 2.0 Arrays (AVymetrix) were
used for hybridisation of the labelled cDNA. The micro-
arrays were scanned using the GeneChip Scanner 3000.

Data analysis

The raw intensities from the microarray experiments were
background corrected and quantile-normalised. All micro-
array data in the study were obtained from mRNA being
converted to cDNA, i.e. no genomic DNA was used for
hybridisation. Probe intensities were summarised to yield
expression values for each probe set or gene. These calcula-
tions were performed using the implementation of GCRMA
(Wu et al. 2004) in Bioconductor (Gentleman et al. 2004)
(http://www.bioconductor.org, http://www.r-project.org). In
order to derive a cut-oV expression value for making pres-
ence/absence calls, we made use of intensities due to control
probe sets with IDs beginning with AFFY. There were 96
such probes. The cut-oV value was set so that only the top
1/16th of these control probes would be Xagged as present.
As a result 4,109 genes in the array were marked as present;
the remaining genes are referred to as “absent” throughout
this report, i.e. these genes could be truly absent, non-
homologous or not expressed during any of the seven diVer-
ent growth conditions. Orthologs of all the genes in the
array across E. coli K12 MG1655, E. coli O157:H7 Sakai,
E. coli O157:H7 EDL933 and E. coli CFT073 were identi-
Wed using bidirectional best hit BLAST.

Microarray data accession number

The supporting microarray data have been deposited in
ArrayExpress (http://www.ebi.ac.uk/arrayexpress) with
accession numbers E-MEXP-584 (MOPS, urine and patient
arrays), E-MEXP-926 (bioWlm arrays) and E-MEXP-1453
(urine-agar plate arrays).

Results

Genes expressed in ABU E. coli 83972

The bacterial transcriptome is a dynamic entity that reXects
the organism’s immediate, ongoing response to its environ-

ment. DNA microarray-assisted functional genomics pro-
vides the global expression proWle of the genome. The
genomic expression proWles of the urinary tract infectious
E. coli isolate 83972 were analysed under several diVerent
growth conditions and in diVerent media using the Gene-
Chip E. coli Genome 2.0 Array (AVymetrix). This array
contains approximately 10,000 probe sets for all 20,366
genes present in E. coli strains MG1655 (K-12), CFT073
(UPEC), EDL933 (EHEC) and O157:H7-Sakai (EHEC).
Due to the high degree of similarity between the E. coli
strains, whenever possible, a single probe set is tiled to
represent the equivalent ortholog in all the four strains.

In total, 21 microarrays were included in the study;
arrays in triplicates were hybridised with RNA of the ABU
strain 83972 cultured (1) aerobically to exponential phase
in MOPS minimal medium, (2) aerobically to exponential
phase in pooled human urine, (3) on urine agar plates, (4)
statically in urine bioWlm on Petri dishes and Wnally, (5–7)
in three patients (Pat1, Pat2 and Pat3) in vivo. Figure 1
shows the expression levels of all CFT073 genes in strain
83972 during growth in the diVerent environments; many
genes were similarly expressed during all seven conditions.
However, some genes were expressed only during one or a
few of the conditions. For example, the genes encoding
yersiniabactin in the high pathogenicity island (HPI), i.e.
PAI-asnT, were highly expressed in Pat2 (and in bioWlm), but
much lower during the other conditions. The c2557–c2563
genes (around 2.4 M in Fig. 1), involved in nucleotide
sugar and mannose metabolism and encoding hypothetical
proteins, were highly expressed in Pat3 but not under any
other condition. Another example is the c1968–c1971
genes (around 1.8 M), i.e. ydfI encoding a D-mannonate
oxidoreductase, ydfJ encoding a metabolite transport pro-
tein and rspAB involved in the starvation response, which
also were highly expressed only in Pat3.

In total, there were 108 genes that were signiWcantly
changed in all six urine environments compared with
MOPS. Twenty of these genes were up-regulated in all six
urine conditions whereof half were related to diVerent iron
systems, i.e. iroN, fepA, fecI, iucBC, fhuA and exbD, as well
as b3337 and b1995 involved in iron storage and encoding
a putative haemin receptor, respectively. The other urine
up-regulated genes were marA, a multiple antibiotic resis-
tance gene, sodA, encoding superoxide dismutase, ahpC,
encoding hydroperoxide reductase, b1452, c1220, c4210,
lysA, rrsG, rrsH and yrbL. Most iron acquisition systems
were expressed in all the six urine environments; the ente-
robactin, salmochelin, aerobactin, haem and sitABCD sys-
tems were all expressed in all the six urine conditions
(although weaker in the urine plates). Interestingly, the fec
system, which is a citrate-dependent iron uptake system
found in K-12 but missing in CFT073 and other UPEC
strains, was highly expressed in Pat3. Up-regulation of all
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these iron-uptake systems revealed that the strain has an
impressive array of iron acquisition systems and all of these
are active in the human bladder.

Nineteen of the top 31 highest expressed genes overall
were genes involved in ribosomal synthesis. The high
expression of ribosomal genes in E. coli 83972 suggests a
rapid growth rate; the highest expression values were
obtained in Pat1 followed by MOPS, urine and Pat2, indi-
cating a growth rate just as fast in the patients in vivo as in
exponential growth phase in a shake Xask. This supports
our hypothesis that the strain’s optimized growth properties
in human urine explain its ability to successfully colonize
the human urinary tract in the absence of functional Wmb-
riae (Roos et al. 2006b).

Figure 1 reveals that strain 83972 almost exclusively
expresses the iron uptake and transport systems in the seven
CFT073 PAIs, almost none of the other genes in these
islands are expressed. There are only two exceptions;
c0300, located in PAI-aspV encoding a hypothetical pro-
tein, and c3686–3690, located in PAI-pheV encoding YrbH
and KpsEDC. The yrbH gene belongs to the 131 genes that
were recently identiWed as UPEC speciWc and it was the
second highest expressed UPEC-speciWc gene in mice
(Lloyd et al. 2007); in our samples the highest expression

was found in the three patients and in MOPS. Outside the
PAIs there are a few genes/gene clusters that are highly
expressed in all urine samples or only in the patients. The
enterobactin system was up-regulated during all urine con-
ditions and the chu cluster (involved in haem uptake and
transport) was highest up-regulated in the patients followed
by in vitro urine growth. The ycdO and ycdB genes were
highly expressed in the three patients; these have recently
been identiWed to encode haemoproteins, probably involved
in iron transport, induced at acidic conditions (Sturm et al.
2006).

Looking at the signiWcantly changed genes for all six
urine conditions compared with MOPS (in total 1,897
genes) revealed that Pat2 and Pat3 shared the largest num-
ber of similarly changed genes; 75% of all changed genes
in Pat2 are regulated in the same way (i.e. up or down-
regulated) in Pat3 (Fig. 2). Interestingly, Pat1 shared the
largest number similarly regulated genes with the bioWlm
growth mode; also for Pat2 and Pat3, the bioWlm growth
mode showed a larger number of similarly regulated genes
than Pat1 or any other condition. This could indicate that
the expression proWle of strain 83972 during in vivo growth
is closer related to bioWlm growth than to growth in shake
Xasks or plates.

Fig. 1 The expression levels of CFT073 genes in strain 83972 during seven diVerent growth conditions. The outer blue circle shows the calculated
absence (0.0) and presence (1.0) of CFT073 genes in ABU strain 83972. The seven PAIs of CFT073 are indicated in red
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Closeness to CFT073

Given the diVerent growth conditions analysed, it is not
unrealistic to assume that most genes present in strain
83972 would be expressed, to some extent, under at least
one of these seven diVerent conditions/environments, i.e.
growth in liquid and on solid media; during exponential
phase, in bioWlm and during colony-forming conditions; in
diVerent growth media (human urine and minimal lab
medium); as well as in vivo in three diVerent individuals.

Data analysis of the 21 microarrays revealed that of the
8,716 E. coli transcripts on the microarray (not including
probes representing intergenic regions and controls), 4,109
transcripts (47%) showed expression levels above detection
limit during at least one of the growth conditions investi-
gated (referred to as “present”, see blue, outer circle in
Fig. 1). Figure 3 shows the distribution among the four
E. coli genomes represented on the microarray of these 4,109
transcripts expressed in E. coli 83972. Not surprisingly, the
UTI strain 83972 shows highest similarity with the UPEC
isolate CFT073 of the four genomes on the array; the large
majority of the 4,109 transcripts found present (96.3%) can
be found in CFT073, corresponding to 71% of the CFT073
genome. E. coli 83972 expressed 150 genes that do not
exist in CFT073; 85 of these can be found in MG1655 and
the remaining 65 genes can be found exclusively in one or
both of the two EHEC strains present on the array (Fig. 3).
Thirty of the 65 genes homologous to EHEC genes are
encoding proteins of cryptic prophages, whereas the large
majority of the remaining 35 genes encode unknown or

hypothetical proteins. The 85 genes that can be found in
MG1655 but not in CFT073 includes the fec cluster encod-
ing an iron citrate transport system (fecABCDEIR). In total,
3,959 CFT073 genes were expressed in strain 83972; this
could be compared with 4,162 CFT073 genes present in the
UPEC (cystitis) isolate F11 (Lloyd et al. 2007).

E. coli core genome

There is a large diversity in size of the chromosome of
E. coli; in all 32 E. coli (and Shigella) genomes that have
been fully sequenced, or at least with an expected coverage
of greater than 99%, the size of the chromosome ranges
from 4.5 to 5.6 Mbp. The genomes show a considerable
amount of diversity, and the estimated size of the current
pan-genome was estimated to contain 9,433 diVerent genes
(Willenbrock et al. 2008). Several studies have identiWed
sets of “core genes” found in most E. coli genomes. How-
ever, the number of these core genes tends to decrease as
the full genomic sequences of new E. coli strains become
available. The size of the E. coli core genome has recently
been predicted to contain 1,563 genes for an inWnite num-
ber of E. coli strains, and the number of new genes pre-
dicted from each new E. coli genome that is sequenced is
»79 (Willenbrock et al. 2008). In our analysis, 2,472
(60%) of the genes found present in strain 83972 were com-
mon in all the four E. coli genomes on the array (Fig. 3),
which is well above the estimated E. coli core genome and
also above the 2,241 common genes conserved among the
32 sequenced E. coli strains (Willenbrock et al. 2008). Fur-
thermore, considering the fact that the microarray contains
only four E. coli genomes, the total number of genes

Fig. 2 Number of signiWcantly up- and down-regulated genes in strain
83972 during the diVerent growth conditions (i.e. exponential growth
in urine, on urine-agar plates, in urine bioWlm, in vivo in three patients)
compared with exponential growth in MOPS minimal lab medium.
The diagonal boxes (dark blue colour) show the number of signiW-
cantly changed genes during cultivation in that speciWc condition com-
pared with MOPS (e.g. 664 genes were up- or down-regulated in urine
compared with MOPS and 938 genes were changed in plates compared
with MOPS) and the other boxes show the number of signiWcantly
changed genes shared between two conditions (e.g. 311 of the 664 and
938 signiWcantly changed genes in urine and plates compared with
MOPS were shared between these two conditions, i.e. up- or down-
regulated in both urine and plates compared with MOPS). Stronger
blue colour indicates larger number of signiWcantly changed genes
shared between two conditions
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Fig. 3 Venn diagrams showing the distribution of the 4,109 genes
Wltered present in strain 83972. The percentages indicated below each
strain show how large part of the genome of the corresponding strain
was Wltered present in strain 83972
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detected present (4,109 genes) in 83972 seems reasonable
comparing the size of other sequenced UTI E. coli
genomes. The genome size of strain 83972 has been
reported to be 4.9§0.2 Mbp (Zdziarski et al. 2007), indicat-
ing that the strain contains roughly an additional 800 genes,
not identiWed in the present analysis.

Of the 2,734 transcripts on the chip that are present in all
the four strains represented on the microarray, 393 tran-
scripts were below detection limit on all 21 microarrays and
Wltered as “absent” in strain 83972. These included 81
genes encoding hypothetical proteins. Several of the absent
genes were found in clusters, many of which are involved
in surface structure elements and chemotaxis. These
included genes involved in Xagellar biosynthesis (XgABC-
DEFGHIJKL, XhABE, XiACDEFGHIJKLNOPQRSTZ and
motAB), curli production (csgABCEFG), colanic acid syn-
thesis (wcaABCDEFGHI and wza) and chemotaxis (che-
BRWYZ and tap). Other whole cluster of genes that were
not expressed in the ABU strain but found in all the four E.
coli present on the chip were hyaBCDEF (hydrogenase I),
hycACD (hydrogenase 3), tauABCD (responsible for tau-
rine uptake in E. coli) and b1500–1505 (containing the
Wmbrial-like genes ydeQRST), as well as the WmEAIC genes
which previously have been shown to be absent in strain
83972 (Klemm et al. 2006).

UPEC-associated genes present in strain 83972

The four UPEC isolates that have been sequenced,
CFT073, UTI89, 536 and F11, contain 5,379, 5,154, 4,766
and 4,467 genes, respectively, on the chromosome.
CFT073 and 536 are both O6 strains and yet show a large
diversity; the genome of 536 is almost 300 kb smaller than
that of CFT073 (Brzuszkiewicz et al. 2006). The genomic
diVerences are mainly restricted to large pathogenicity
islands, the additional DNA in CFT073 are genes of Wve
cryptic prophages, which are absent in 536 (Brzuszkiewicz
et al. 2006). The 427 genes that are present only in the
strain 536, and the 432 genes present only in the two UPEC
(compared with other sequenced E. coli) are scattered all
over the genome (Brzuszkiewicz et al. 2006). Over 70% of
the CFT073 transcripts were present in strain 83972 com-
pared with 89% of the CFT073 transcripts found in strain
536. Figure 4 shows the homology of 16 sequenced E. coli
and Shigella isolates including the three sequenced UPEC
strains (UTI89, 536 and F11) pasted on the CFT073
genome; the outer, red circle in the Wgure shows the results
from the presence/absence analysis on strain 83972. Many
virulence-associated genes are located on the large patho-
genicity islands (PAIs) found in diVerent UPEC strains.
The large pathogenicity island at pheV in CFT073 (also
called PAI ICFT073) encodes haemolysin (hlyCABD), aerob-
actin biosynthesis proteins (iutA and iucABCD), antigen 43

(c3655) and the secreted autotransporter toxin (sat); these
were all Wltered present in our analysis, suggesting that
strain 83972 harbours a similar island on its chromosome.
Interestingly, the aerobactin system is missing in the other
three UPEC isolates. Furthermore, this PAI contains genes
encoding the uropathogenic-associated P Wmbriae (pap-
IBAHCDJKEFG). The pap gene cluster of 83972 has been
sequenced (Klemm et al. 2006); the pap genes are all pres-
ent and show 72–100% sequence homology with the corre-
sponding genes in CFT073. The results of the microarray
analysis corresponded very well to the observed sequence
homology of the diVerent genes in the cluster (i.e. if a spe-
ciWc gene on the microarray is represented with probes that
contain a non-homologous region compared with the corre-
sponding gene in the hybridised sample, that gene will not
hybridise and will be Wltered absent); the six genes with
highest sequence homology were Wltered present (i.e. pap-
HCDJKF with 98, 100, 100, 98, 99 and 95% homology,
respectively) and the four with least sequence homology
were Wltered absent (i.e. papIAEG with 94, 83, 77 and 72%
homology).

The employed microarray contains probes for all ten
known and putative Wmbriae-encoding gene clusters in
CFT073. Together with the pap cluster, two other Wmbrial
clusters that have been associated with UPEC virulence are
known to be present in strain 83972 and have been
sequenced, i.e. the Wm and sfa/foc clusters. As for the pap
cluster, the Wltering of absent genes corresponded very well
to the actual presence and sequence homology of the genes;
strain 83972 contains a large deletion in the Wm cluster but
shows high sequence homology with the present genes, and
all the genes in the deleted part of the cluster, i.e. WmEAIC,
were Wltered absent (see blow-up in Fig. 4). Also, the sfa/
foc cluster in 83972 shows high homology with that in
CFT073 (98–100%), and eight of nine genes were Wltered
present; the putative regulatory gene, sfaC, was Wltered
absent. Regarding the other Wmbrial clusters present on the
microarray, none of the genes encoding F9 Wmbriae, which
appear to be common in UPEC and plays a role in bioWlm
formation (Ulett et al. 2007), and another putative Wmbriae
(yehABCD) were expressed and might be absent in strain
83972 (Table 1).

Presence of other pathogenicity islands in 83972

Strain 83972 seems to carry most of the pathogenicity
islands of CFT073 (or PAIs similar to the ones in CFT073)
according to our present/absent analysis (Table 2). The
only PAI of CFT073 in which most genes (i.e. 93%) were
Wltered absent in strain 83972 is PAI-pheU (PAI IICFT073),
the island that contains a second pap cluster. The three
genes Wltered present in this PAI are present in several of
the other sequenced E. coli and Shigella strains indicating
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that these three genes not are unique/characteristic for this
island wherefore this PAI is most probably absent in strain
83972.

Insertion of the high pathogenicity island (HPI) of Yer-
sinia pestis has been suggested to be one of the earliest
events in the evolution of extraintestinal E. coli strains
(Welch et al. 2002). The genes of HPI encoding yersiniabac-
tin (Ybt) were all expressed in strain 83972. The HPI genes
have been found up-regulated during urine bioWlm growth of
83972 indicating that Ybt-mediated iron-uptake might play
an important role in bioWlm growth (Hancock and Klemm
2007) and a deletion mutant in the Ybt uptake receptor
(FyuA) exhibits reduced bioWlm formation (Hancock et al.
2008). The HPI genes have also been found up-regulated in
vivo in two of the three patients (particularly in Pat2, see
Fig. 1) infected with this strain (Roos and Klemm 2006).

The pks island, a recently characterised and widely
spread genomic island found in, for example, meningitis

strains and the uropathogenic strain CFT073, encodes a
machinery for the synthesis of peptide–polyketides hybrid
compounds (Nougayrede et al. 2006). The presence of the
island is associated with the accumulation of double-
strand DNA breaks in host cells and has genotoxic activity
(Nougayrede et al. 2006). This island was expressed in
strain 83972 and up-regulated in urine and in vivo
(Table 4; Fig. 1). The pks island is widely distributed
within E. coli phylogenetic group B2, and has been found
in both pathogenic and commensal isolates; in commensal
strains the cell-cycle-blocking activity might slow the
turnover of the intestinal epithelium, and therefore prolong
colonisation.

Presence of positively selected UPEC genes

A recent paper comparing the UPEC isolates CFT073 and
UTI89 with six other Wnished E. coli genome sequences

Fig. 4 BLAST atlas comparing the absent (0.0) and present (1.0)
CFT073 genes in strain 83972 with other sequenced E. coli and Shi-
gella strains, including the three sequenced UPEC isolates 536, UTI89
and F11. The UPEC CFT073 genome is used as reference. The outer
blue circle represents the calculated absence/presence in 83972

followed by the three UPEC isolates; the six inner circles represent
Shigella strains. The seven PAIs of CFT073 are indicated in red. The
blow-up shows the presence/absence of the Wm cluster (c5391–5400)
in strain 83972
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presented 29 genes that are under positive selection only in
UPEC strains (Chen et al. 2006). These 29 genes are
involved in various aspects of cell surface structure, DNA
metabolism, nutrient acquisition and UTI. Of these 29
genes, 25 were Wltered present in our ABU strain 83972;
many of these genes are represented by more than one tran-
script on the array due to sequence diVerences among the
four strains present on the array, in all cases the gene
Wltered present in 83972 corresponded to the CFT073 tran-
script. Four genes were Wltered absent, agaI, yjiL, recC and
yegO; they encode a putative galactosamine-6-phosphate
isomerase, a hypothetical protein, exodeoxyribonuclease
V gamma subunit and a hypothetical transport protein,

respectively. The genes in the two COG categories that
were signiWcantly enriched in the two UPEC strains, i.e.
“cell wall/membrane biogenesis” (amiA, cutE, fepE, ompC,
ompF and yfaL) and “secondary metabolites biosynthesis,
transport and metabolism” (entD, entF and yojI) (Chen
et al. 2006), were all present in strain 83972.

Functional analysis of MG1655 transcripts 
of ABU E. coli 83972

To gain more information concerning what type of genes
were absent, the MG1655 genes were grouped into func-
tional categories deWned by the clusters of orthologous

Table 1 Analysis of Wmbriae-encoding genes in strain 83972

a Fimbrial operons present on PAIs. The two pap clusters share the same probes on the array with exception for papA and papD, which are repre-
sented by two separate probe sets each
b None of these pap genes are absent in strain 83972, but papIAEG were Wltered absent in the microarray analysis due to non-homologous sequence
regions compared with the CFT073 pap probes present on the array

Description c number Genes No of genes No (%) of 
absent genes

Absent

Putative chaperone-usher Wmbrial operon c0166–0172 yadN-ecpD-htrE-yadMLKC 7 3 (43) ecpD, yadMK

F1Ca c1237–1245 sfaCB-focAICDFGH 9 1 (11) sfaC

F9 c1931–1936 c1936-34-ydeSRQ 6 6 (100) All

Putative chaperone-usher Wmbrial operon c2635–2638 yehABCD 4 4 (100) All

Putative chaperone-usher Wmbrial operon c2878–2884 yfcOPQRSUV 7 5 (71) yfcQRSUV

P Wmbriaea c3583–3593 papIBAHCDJKEFG 11 4 (36) papIAEGb

Putative chaperone-usher Wmbrial operon c3791–3794 ygiLGH-c3794 4 1 (25) ygiL

Auf Wmbriae c4207–4214 aufABCDEFG 8 7 (88) aufBCDEFG

P Wmbriae (2)a c5179–5189 papIBAHCDJKEFG 2 (papAD) 1 (50) papA_2

Type 1 Wmbriae c5391–5399 WmBEAICDFGH 9 4 (44) WmEAIC

Table 2 Analysis of presence of pathogenicity islands in strain 83972

a No of genes in the PAI that were present on the array with unique probes (i.e. genes that are not orthologues to any other E. coli transcripts present
on the array)
b Boldface indicates genes Wltered present in strain 83972

Island name Common name c number No of genesa Absent (%) Virulence-associated genesb

PAI-CFT073-aspV PAI III CFT073 c0253–c0368 96 40 (42) cdiA (c0345), picU (c0350)

PAI-CFT073-serX c1165–c1293 92 33 (36) mchBCDEF (c1227, c1229–1232), 
sfa/foc (c1237–c1247), iroNEDCB 
(c1250–c1254), ag43 (c1273)

PAI-CFT073-icdA c1518–c1601 42 5 (12) sitDCBA (c1597–1600)

PAI-CFT073-asnT HPI CFT073 c2418–c2437 19 3 (16) fyuA (1246)

PAI-CFT073-metV c3385–c3410 26 17 (65) hcp (c3391), clpB (c3392)

PAI-CFT073-pheV PAI I CFT073 c3556–c3698 119 51 (43) hlyA (c3570), pap (c3582–c3593), iha (c3610), 
sat (c3619), iutA, iucDCBA (c3623–3628), 
ag43 (c3655), kpsTM (c3697–c3698)

PAI-CFT073-pheU PAI II CFT073 c5143–c5216 46 43 (93) pap2 (c5179–c5189)
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groups (COGs) of proteins (Tatusov et al. 1997). Previous
studies have, in attempts to identify essential genes and the
E. coli core genome, found that groups with genes involved
in metabolism and various cellular processes (excluding
cell motility) contain a substantially higher percentage of
conserved and essential genes, while COGs with genes of
unknown function and external origin as well as genes
involved in signalling and motility contain fewer essential
genes (Anjum et al. 2003; Gerdes et al. 2003). ClassiWca-
tion of the absent genes of strain 83972 revealed that the
groups “cell motility”, “defence mechanisms” and “not in
COGs” had a signiWcant overrepresentation of absent genes
(Table 3). A signiWcantly lower proportion of absent genes
were found in the groups: “cell cycle control”, “posttransla-
tional modiWcation” and “translation”. This is in agreement
with a previously published study of pathogenic E. coli;
Anjum et al. (2003) studied 26 strains of E. coli and found
that the two groups with largest proportion of absent genes
were “not in COGs” and “cell motility”, while the six
groups with the lowest proportion of absent genes were
“translation”, “cell division”, “posttranslational modiWca-
tion”, “coenzyme metabolism”, “nucleotide transport and
metabolism” and “energy production and conversion”,
which all, with exception for the last group, contained

signiWcantly fewer absent genes in strain 83972 (Table 3).
This suggests that strain 83972 utilises a similar set of core
genes as other E. coli strains.

CFT073 genes absent in strain 83972

There were 1,636 CFT073 genes that could not be
detected according to our expression proWling in ABU
strain 83972; 961 of these genes are exclusively found in
CFT073, i.e. not present in the other three strains repre-
sented on the array. The majority, 645 genes, corre-
sponded to hypothetical, putative or unknown proteins.
Considering the very diVerent patient symptom proWles
of strains CFT073 and 83972 (one being a true pathogen,
while the latter is a commensal-like strain), genes that are
present in UPEC isolate CFT073 but not expressed in
ABU strain 83972 can be considered as virulence factor
candidates. However, most genes associated with UPEC
pathogenesis were expressed in strain 83972 and up-reg-
ulated during growth in urine, e.g. all iron-related genes
encoding uptake and transport of aerobactin, salmoch-
elin, yersiniabactin and haem/haemoglobin (Table 4).
Two exceptions were the ireA gene encoding an iron-
regulated outer-membrane protein that was Wltered

Table 3 Distribution of absent 
genes in functional categories

Functional category Absent Total Z test

No. % P value

Amino acid transport and metabolism 98 33.1 296 0.636

Carbohydrate transport and metabolism 126 42.3 298 0.025

Cell cycle control, cell division and chromosome partitioning 5 16.1 31 0.000

Cell motility 77 84.6 91 0.000

Cell wall/membrane/envelope biogenesis 81 40.5 200 0.087

Coenzyme transport and metabolism 25 23.1 108 0.001

Defense mechanisms 17 48.6 35 0.000

Energy production and conversion 88 36.7 240 0.563

Function unknown 61 24.7 247 0.003

General function prediction only 83 30.9 269 0.255

Inorganic ion transport and metabolism 55 34.4 160 0.921

Intracellular traYcking, secretion and vesicular transport 8 22.2 36 0.000

Lipid transport and metabolism 21 29.6 71 0.129

Nucleotide transport and metabolism 19 24.4 78 0.002

Posttranslational modiWcation, protein turnover, chaperones 24 20.2 119 0.000

Replication, recombination and repair 70 42.4 165 0.023

Secondary metabolites biosynthesis, transport and catabolism 22 40.7 54 0.075

Signal transduction mechanisms 39 33.6 116 0.748

Transcription 78 33.2 235 0.654

Translation, ribosomal structure and biogenesis 21 13.5 156 0.000

Not in COGs 577 54.2 1065 0.000

1,595 39.2 4,070
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absent as well as the tsx gene encoding a nucleoside-
binding outer-membrane protein. Although the tsx gene
has not previously been associated with UPEC virulence,
it has just recently been identiWed together with more
well-known UPEC genes as involved in movement from
the intestinal tract to the bladder and vagina (i.e.
occurred signiWcantly more often in multiple-site isolates
than in rectal site-only isolates) (Xie et al. 2006); further-
more, Tsx was also recently identiWed together with 22
other outer-membrane proteins from CFT073 cells grown
under conditions mimicking the urinary tract (Hagan and
Mobley 2007).

Type IV Wmbriae are assembled by the type II general
secretory pathway. They occur in a wide range of species
and frequently are associated with diseases. The ppdD and
hofBC genes (b0106–0108), which encode type IV prepilin

and are present in CFT073, EDL933 and MG1655, were
Wltered absent in strain 83972.

CFT073 genes present in strain 83972 but not found 
in other UPEC strains

The majority of the genes that are absent in the other three
UPEC isolates (i.e. 536, UTI89 and F11) were Wltered
absent in strain 83972 as well (gaps in Fig. 4). However,
there are a few exceptions where a gene that is not found in
any of the other UPEC strains is Wltered present in strain
83972. The aerobactin system belongs to one of the excep-
tions, indicating that strain 83972 is particularly well
equipped with iron uptake systems. The other exceptions
are all but one located on PAIs and they all encode
hypothetical proteins: c1194–c1204 (on PAI-serX), c1522–
c1528 (on PAI-icdA), c3394–c3396 (on PAI-metV), c3681–
c3682 (on PAI-pheV where the aerobactin genes also are
found) and c5372–c5382. c3394–c3396 and c5372–c5382
are not present in any of the 16 sequenced E. coli and
Shigella strains represented in Fig. 4, indicating that some
genes unique to CFT073 can be found in strain 83972 as
well.

Discussion

Bacterial genomes are under constant change. New genes
are acquired by horizontal transfer and old ones are lost by
mutations. It is generally believed that commensal E. coli
can become pathogenic through the acquisition of novel
genes encoding virulence factors and niche-adaptation fac-
tors (Kaper et al. 2004). In contrast to organisms that have
acquired genes for pathogenesis, E. coli 83972 is an exam-
ple of an organism that has adapted to a commensal-like
existence through gene deletions and point mutations.
Using primarily the CFT073 as a scaVold, we used pres-
ence/absence data from seven sets of diVerent gene expres-
sion proWles (in total 21 microarrays) to model the gene
pool of strain 83972. Given the limitations of the approach,
i.e. genes not present on the employed chip have been
ignored, a substantial body of information was gathered
concerning the genomic content of the strain. As it turned
out the strain was highly similar to CFT073; 96% (3,959)
of the genes found to be expressed on the employed micro-
array by 83972 are also found in CFT073, and genes on six
of the seven pathogenicity islands of CFT073 were
expressed by 83972; furthermore, CFT073 genes not found
in any other UPEC isolate were expressed by 83972. An
estimated »900 CFT073 genes are not expressed by 83972.
Arguably, in the light of the diVerence in patient symptoms
invoked by encounters with the two strains, this list repre-
sents virulence gene candidates.

Table 4 Characteristics of ABU isolate 83972 compared with UPEC
isolates CFT073, UTI89 and 536

a Boldface indicates genes that were Wltered absent in strain 83972
b Up-regulation in urine (U), bioWlm (BF), plates (Pl) and patients
(Pat) compared with MOPS minimal medium
c UndeWned. Extensive electron microscopy analysis of the strain has
never reported any capsule

Characteristica CFT073 UTI89 536 83972 Expression 
in 83972b

Serotype O6 O18 O6 O?c

Capsule K2 K1 K15 K?c

Chu + + + + U, BF, Pat

Ent + + + + U, BF, Pat

Fep + + + + Pl, U, BF, Pat

Feo + + + + BF, Pat

Fhu + + + + Pl, U, BF, Pat

Iro + + + + U, Pat

Iuc + ¡ ¡ + Pl, U, BF, Pat

IutA + ¡ ¡ + U, BF, Pat

Sit + + + + U, BF, Pat

FyuA + + + + U, BF, Pat

Iha + ¡ ¡ + U, Pat

IreA + ¡ ¡ ¡
Pks island + + + + U, Pat

RfaH + + + + BF

D-serine + + + + Pat

Pap + + + ¡
Fim + + + ¡
Foc/sfa + + + ¡
Vat + + + + BF, Pat

Sat + ¡ ¡ + U

Tsx + + + ¡
BioWlm formation 1.0 1.3 14.4
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Although strain 83972 seems to be a deconstructed uro-
pathogen and does not provoke symptoms in the human
host it grows fast in urine and is an excellent colonizer of
the human bladder (Roos and Klemm 2006; Roos et al.
2006b; Klemm et al. 2007). It can do so because it has kept
a large assortment of Wtness factors required for this partic-
ular ecological niche. Among the genes expressed under
realistic environmental conditions such as in the human
bladder are candidates for Wtness factor genes, e.g. the
many iron acquisitions systems expressed by the strain and
many genes involved in sugar acid and amino acid metabo-
lism. Interestingly, many of the known and putative viru-
lence factors of the urinary tract are expressed by strain
83972 and might therefore be considered as Wtness factors
rather than virulence factors; these include 25 of 29 posi-
tively selected UPEC genes as well as the newly character-
ised pks island inducing breaks in double-stranded DNA in
host cells. Also, virulence-associated genes such as cdiA,
mchBCDEF, Xu, hcp, rfaH, sat, picU and vat were all
expressed by strain 83972. Very few of the known or puta-
tive virulence factors were absent in (or not expressed by)
strain 83972. The pap, Wm and foc/sfa clusters encoding
UPEC-class Wmbriae are dysfunctional in strain 83972 and
the clpB, ireA and tsx genes were not expressed in the ABU
strain. These stand out as potential virulence candidates
together with a number of uncharacterised genes encoding
hypothetical proteins.

Thus from the analyses performed here we can make
predictions about several gene categories such as potential
virulence genes, Wtness genes and “household-class” genes.
It is also noteworthy that the information reported herein
complements a potential genome sequence of strain 83972.
Whole genome sequencing can identify the presence of
genes but is unable to reveal if they are transcribed. Genes
can be silenced not only due to lesions in the actual gene
and its promoter but also due to mutations of genes encod-
ing regulatory factors. The methodology employed in the
present work reveals the active genome of strain 83972.

ABU strain 83972 is closely related to fully virulent uro-
pathogenic strains. All evidences suggest that the strain is a
deconstructed pathogen. This study dispels the commonly
held idea that ABU strains are commensals that have picked
up niche-adaptation genes by horizontal gene transfer. Rather,
strain 83972 was originally a true pathogenic strain that has
lost whole or part of operons that contribute to virulence.
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Abstract The e!ect of solvent hydrophobicity on activation of
Candida rugosa lipase (CRL) was investigated by performing
molecular dynamics simulations for four nano seconds (ns).
The closed/inactive conformer of CRL (PDB code 1TRH) was
solvated in three alkane–aqueous environments. The alkanes
aggregated in a predominantly aqueous environment and by
1 ns a stable spherical alkane–aqueous interface had formed.
This led to the interfacial activation of CRL. On analyzing the
simulated conformers with the closed conformer of CRL, the flap
was found to have opened from a closed state by 7.7 Å, 10.2 Å,
13.1 Å at hexane–aqueous, octane–aqueous, and decane–aque-
ous interfaces. Further, essential dynamics analysis revealed that
major anharmonic fluctuations were confined to residues 64–81,
the flap of CRL.
! 2007 Federation of European Biochemical Societies. Pub-
lished by Elsevier B.V. All rights reserved.

Keywords: Molecular dynamics simulation; Interfacial
activation; Hydrophobic e!ect; Essential dynamics;
Alkane–aqueous interface; Candida rugosa lipase

1. Introduction

Lipases are activated at an oil–water interfaces. Another
important aspect of lipases is their unique physico-chemical
characteristic in the reactions they catalyse. These water solu-
ble enzymes e"ciently hydrolyse water insoluble lipidic sub-
strates [1]. The many applications of lipases include specialty
organic synthesis, hydrolysis of fats and oils, modification of
fats, flavor enhancement in food processing and resolution of
racemic mixtures [2]. Crystallographic studies have shown that
lipases have a surface lid/flap covering the active site [3,5]. The
CRL flap consists of an alpha helix held at its base by a disul-
fide bond and this flap shields the hydrophobic active site from
an aqueous surrounding. At an oil–water interface this flap is
displaced so as to permit the entry and binding of hydrophobic
substrates. This phenomenon was termed ‘‘interfacial activa-
tion’’. The crystal structure of Candida rugosa lipase (CRL)
[5] in the closed and open conformations revealed that major
structural deformation was confined to the flap (Fig. 1).
Peters and coworkers [6] studied the activation of Rhizomu-

cor miehei lipase (RML) using MD and Brownian dynamics

(BD). They performed MD simulations of RML at a lipid
interface [7]. Their studies showed a lipid patch near the open
lid prompted the lid to open more than that observed in the
crystal structure. This clearly established that the lid does re-
spond to hydrophobic interfaces [16]. Minimal conformational
changes was observed when they increased the dielectric con-
stant of the RML surrounding. This lack of conformational
change was also observed when CRL was simulated in pure
aqueous and neat organic environments [17].
Using p-nitrophenyl stearate (PNPS) an artificial substrate

mixed in alkanes, we observed an increase in the activity of
CRL with increase in alkane hydrophobicity in an alkane–
aqueous system [8]. We postulated that substrate accessibility
to the active site was linked to the opening of the flap from
a closed state. The experimental results suggested that this
activation of the closed flap was in turn linked to hydrophobic-
ity of solvent in which the PNPS was dissolved. Therefore, to
gain insight into the role played by solvent hydrophobicity on
enzyme activity we simulated the open conformer of CRL
(PDB code 1CRL) at alkane–aqueous interfaces and observed
the open flap responding to an interface (Data not shown).
Encouraged, we conducted MD simulations of the closed/inac-
tive conformer of CRL (CRLc) (PDB code: 1TRH) at alkane–
aqueous interfaces. On being presented with a spherical
alkane–aqueous interface CRLc was catalytically activated
and the closed flap opened in response to the interface. The
simulation was carried out for 4 ns with CRLc solvated in
hexane–aqueous, octane–aqueous and decane–aqueous
environments.

2. Materials and methods

2.1. Molecular dynamics simulations
The crystal structure of CRLc (1TRH.pdb) with 310 bound water

molecules was used in this modeling study (unless stated otherwise,
only the closed conformer of CRL was used in this simulation study).
PRODRG program [10] was used to generate the coordinates of hex-
ane and octane in PDB format. The simulations were conducted on
two Pentium 4 desktop machines running on linux Redhat 9.0 upon
which GROMACS 3.1 [15] was loaded. The GROMACS force field
with hydrogens was chosen for the simulations. Periodic boundary
condition was enabled and CRLc was solvated and centered in a cubic
box containing 5777 explicit water molecules and set to neutral pH
condition [14]. A layer of alkanes was built above this box by conform-
ing to the x- and y-dimension of the aqueous box. The number of
alkanes incorporate were varied by adjusting the z-axis dimensions.
A spherical interface was achieved by adding 245 hexanes, 210 octanes
and 183 decanes to 5777 explicit water molecules. Nineteen Na+ ions
were added by replacing water molecules to neutralize system charge.
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Steepest descents and leap-frog algorithms were chosen for energy
minimization and MD simulations. The neighbor hood list was up-
dated every 10 steps and bonds constrained using LINCS [11]. Electro-
static interactions was modelled using a coulombic cut-o! set at 8 Å
and 14 Å. SPC water model was used for solvating the protein in an
aqueous environment. Simulations were performed under constant

pressure and temperature [12] (P ! !1; sT = 0.1 ps, sP = 0.5 ps;
T = 300 K). The time step for integration and centre of mass removal
was 0.002 ps. The energy was conserved during simulations and trajec-
tories were analysed by essential dynamics (ED) and by measuring the
root mean square deviations (RMSD). The graphics were prepared
using Pymol [4].

Fig. 1. Superimposed stereo image of the active (CRLo) and inactive (CRLc) conformers of CRL with their flaps colored red and green, respectively.

Fig. 2. The amino acid sequence of CRL flap, where the hydrophobic amino acids are colored red. The underlined region indicates the helical
segment of the flap as seen in the crystal structures.

Fig. 3. (a) RMSD between the simulated and closed conformer of CRL. (b) RMSD between the simulated CRL flaps and the closed flap of CRLc
and (c) RMSD between the simulated CRL flaps and the open flap of CRLo.
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3. Essential dynamics

This method is based on diagonalization of the covariance
matrix constructed from atomic displacements, resulting in a
set of eigen vectors that describe the degrees of freedom of
the protein [13]. Maximum contribution to protein motions
are usually got from the first few eigen vectors, about 10, with
the largest from eigen vector 1.

4. Results

The CRL flap is amphipathic in nature with its upper side
distinctly hydrophilic and forms part of the molecular surface
exposed to the solvent. The side facing the protein is hydro-
phobic and interacts with the hydrophobic residues surround-
ing the active site. The sequence of the flap is shown in Fig. 2.
At an aqueous–organic interface the water insoluble substrates
of CRL enter the active site from the nonaqueous phase. As a
thumb rule, those simulations setups wherein the flap domain
did not reside at the interface (for the whole course of 4 ns)
were summarily rejected and the conditions refined. Therefore,
it was our primary concern that the CRL flap be positioned at
the alkane–aqueous interface during the whole course of sim-
ulation. This condition was fulfilled in all our simulation. By
0.4 ns the hydrophobic alkanes had aggregated and stabilized

in a predominantly aqueous environment. The trajectories
over 4 ns were analyzed by calculating the root mean square
deviations (RMSD) and by essential dynamics analysis. The
RMSD of the enzyme and its flap was calculated by superim-
posing the backbones of the simulated to the energy minimized
CRLc structure (Fig. 3a and 3b). ED analysis was conducted
to reveal anharmonic fluctuations within CRL. A bulk of the
protein motion was defined by eigen vector 1, Fig. 4a. The mo-
tions along eigen vector 1 as a function of simulation time was
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Fig. 4. (a) Eigen values of the covariance matrix in the descending order obtained from the Ca covariance matrix. The maximum contribution
towards motion was from eigen vector 1. (b) Motion along eigen vector 1 (c) The RMSD described by eigen vector 1 depicts anharmonic motions
during the simulations. Maximum deviation was confined to residues 64–81 the flap of CRL. (d) The superimposed picture of simulated CRL flaps
with reference to the closed flap (blue) after 4 ns of simulations at C6–H2O (cyan), C8–H2O (green) and C10–H2O (red) interfaces. The residues
surrounding the closed flap is depicted along with the active site residues.

Table 1
The accessible molecular surface of CRL and RMSD of the protein
and flap relative to CRLc is tabulated

S. no System RMSD
of flap
(M61-S91)
(Å)

RMSD of
the whole
molecule
(Å)

Accessible
molecular
surface of the
protein (Å2)

1. Hexane/aqueous 6.6 (2 ns) 2.6 (2 ns) 5830.2
7.5 (3 ns) 2.7 (3 ns) 6020.7
7.8 (4 ns) 3.0 (4 ns) 6026.3

2. Octane/aqueous 9.3 (2 ns) 3.2 (2 ns) 6018.0
9.0 (3 ns) 3.1 (3 ns) 6112.2
10.2 (4 ns) 3.4 (4 ns) 6117.0

3. Decane/aqueous 1.2 (2 ns) 3.6 (2 ns) 5741.5
1.23 (3 ns) 3.6 (3 ns) 5869.7
13.1 (4 ns) 3.8 (4 ns) 5992.7
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plotted as Fig. 4b. The anharmonic fluctuations as a function
of residue number was plotted as Fig. 4c. To quantify the area
exposed as the flap opened, the accessible molecular surface
(AMS) of CRL was calculated for all the three simulation envi-
ronments (Table 1) using WHATIF [9].

5. Discussion

In a previous work Tejo and coworkers [17] reported a sim-
ulation study wherein they had noted that the formation of salt
bridges and hydrogen bonds, tend to keep the CRL flap very
rigid in, aqueous and neat organic environments. In their study
there was no response, in the form of interfacial activation
from CRL due to the absence of an interface. In this study
undertaken to reveal the dynamics of the flap at alkane–aque-
ous interfaces of varying solvent hydrophobicity we found the
flap to open in a di!erential manner in response to varying sol-
vent hydrophobicity.
Hexanes being more soluble in water than octanes and de-

canes, aggregated as an entity although, not very cohesively
so as to present a very strong interface in the aqueous environ-
ment (Fig. 6a). But this does trigger a response from CRL and
the closed flap opens by 7.7 Å, Figs. 3b and 5a. At the hexane–

aqueous interface the flap had split up into two distinct helices
stretching from 65 to 71 (PEGTYE E) and 79 to 84 (DL
VMQS), Figs. 5a and 7a. The intermediate region consisting
of residues 72–78 (NLPKAAL) had unfolded at the interface.
There were two types of interactions between Glu70 and
Lys75. At a distance of 4.2 ± 0.7 Å the interactions were ionic
in nature and whenever there was a decrease in the separation
the salt bridge was replaced by a hydrogen bond. This was a
feature that was seen throughout the equilibration phase (2 ns
onwards) and this may be attributed to harmonic fluctuations.
The response of CRL, in terms of opening its closed flap, to

the aggregation of octane molecules (Fig. 6b) was more pro-
nounced in comparison to hexane aggregation in the aqueous
box (Fig. 6a). At the octane–aqueous interface the flap con-
sisted of one single helical region stretching from residues 75–
82 (KAALDL VM), Figs. 5b and 7b while the other regions
of the flap had unfolded. A salt bridge between the side chains
of Lys75 and Asp79 stabilized after 3 ns to an average distance

Fig. 5. The simulated flap (red) depicted in conjunction with the open
(marine blue) and closed flaps (green) at (a) hexane–aqueous, (b)
octane–aqueous and (c) decane–aqueous interfaces. The catalytic triad
Ser209, His449 and Glu341 are depicted as sticks and colored blue,
wheat and cyan, respectively. The C-term hinge of the simulated flap
Val 86 is colored red and depicted as a stick.

Table 2
Hydrogen bond profile of the flap after 4 ns of simulations

Flap residues Hexane–aqueous Octane–aqueous Decane–aqueous

Met 61 O! ! !N Val 158 N! ! !O Ser94
N! ! !O Ser 94

Gln 62 O! ! !N Asn 64 O! ! !N Asn 64
Gln 63 N! ! !O Glu 126

O! ! !N Ala 89
Asn 64
Pro 65 O! ! !N Gly 67
Glu 66 O! ! !N Tyr 69 O! ! !N Thr 68

O! ! !N Glu 70
Gly 67 O! ! !N Glu 71 N! ! !O Ser 91

O! ! !N Ser 91
Thr 68 O! ! !N Glu 70

O! ! !N Leu 73
Tyr69 O! ! !N Asn 72

O! ! !N Leu 73
Glu 70 N! ! !O Leu 73
Glu 71
Asn 72
Leu 73 O! ! !N Lys 5
Pro 74 O! ! !N Leu 78 O! ! !N Leu 78 O! ! !N Ala 77

O! ! !N Ala 77
Lys75 O! ! !N Asp 79 N! ! !O Glu 70

N! ! !O Leu 73
O! ! !N Asp 79
O! ! !N Leu 78

Ala 76 O! ! !N Asp 79 O! ! !N Leu 80 N! ! !O Leu 80
N! ! !O Val 81

Ala 77 O! ! !N Val 81 O! ! !N Met 82
Leu 78 O! ! !N Met 82 O! ! !N Met 82
Asp 79 O! ! !N Gln 83
Leu 80 O! ! !Ser 84
Val 81 O! ! !N Gln 83
Met 82 O! ! !N Ser 84
Gln 83 O! ! !N Lys 85
Ser 84 O! ! !N Phe 87 O! ! !N Val 86
Lys 85 O! ! !N Phe 87
Val 86 O! ! !N Glu 88 O! ! !N Gly 128
Phe 87
Glu 88 O! ! !N Gly 128
Ala 89 N! ! !O Ser 91 O! ! !N Ser 91
Val 90
Ser 91 N! ! !O Ser 59
Pro 92 N! ! !O Ser 94
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of 2.3 Å. Since octane and decane molecules were more hydro-
phobic, they formed a well marked spherical interface but, de-
canes (Fig. 6c) formed the strongest interface when compared
to octane and hexane as there were no decane molecules dis-
persed in the simulation box. At the decane–aqueous interface
it was found that residues 75–83 (KAALDL-VMQ) formed a
helix Figs. 5c and 7c. It was interesting to note that this stretch
of residues Ala76-Gln83 consisting predominantly of hydro-
phobic amino acids, formed a helix at both, octane–aqueous
and decane–aqueous interface. This may be attributed to the
presence of the hydrophilic residue Asp79 that may be driving
the formation of a helix as the solvent hydrophobicity in-
creased. There were four hydrogen bonds formed by Lys75.
This helps maintain its flap from adopting an over extended
conformation. In all the three simulation environments the flap
maintained its amphipathic characteristic, Fig. 7, with the
hydrophobic residues pointing into, or towards the hydropho-
bic phase and the hydrophilic residues oriented away. After 4 ns
of simulations the extent to which the flap opened was relative
to the formation of the interface or aggregation of alkanes.
The RMSD of the simulations were plotted with respect to

the CRLc and CRLo structures. The RMSD of the simulated
protein and its flap with respect to the CRLc was on expected
lines. The RMSD was found to increase with simulation time
as seen in Figs. 3a and b. The RMSD of the simulated flap that
was attaining an open conformation would be expected to
come towards the active form of CRL (CRLo) but, this was
not reflected in the deviations in Fig. 3c. It must be noted that
during simulations the flap was found to move to the right, as

seen in Figs. 5a–c. This was in response to the formation of an
interface. Therefore, the RMSD of the flap in the decane–
aqueous interface was found to marginally increase, rather
than decrease, in comparison to CRLo. The orientation of
the flap was certainly di!erent to that seen in, CRLo. In com-
parison to CRLo, the simulated flap opened by leaning on res-
idues 86–91 and was found to open in a manner that was
perpendicular to CRLo (Fig. 5). Unlike CRLo, the simulated
flap did not hinge on amino acids 66 and 92 to open but on
Gln63 and Val86. The residues 86–91 did not undergo any ma-
jor structural deviation, converse to that observed in the crys-
tal structure of CRLo [5]. This may be the reason why the cis–
trans isomerisation of Pro92 was not observed. This unusual
movement of the flap was made possible by the long flexible
arms that hold the helix. The open flap makes few interactions
with the rest of the molecule. The hydrogen bonds formed
within the flap and with the rest of the enzyme are found in
Table 2. With the exception of a lone hydrogen bond formed
between Glu88-Gly128 in the octane–aqueous simulations
there was no interaction between the flap and the surrounding
residues. The flap was stabilized only by hydrophobic interac-
tions with the alkane molecules.
Essential dynamics analysis of the trajectories revealed that

motion along eigen vector 1 had equilibrated after 2 ns. This
also revealed that anharmonic fluctuations had occurred dur-
ing 0–2ns of simulations, Fig. 4b. To reveal the anharmonic
fluctuations in the protein, the RMSD of the fluctuation de-
scribed by eigen vector 1 was plotted as a function of residue
number. This revealed that anharmonic fluctuations were

Fig. 6. The simulation box after 4 ns shows CRL solvated with alkanes (yellow) and water molecules (blue). The flap (red) is seen at the (a) hexane–
aqueous; (b) octane–aqueous and (c) decane–aqueous interfaces.
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confined to residues 64–81, the flap of CRL Fig. 4c. The devi-
ation of the flap at the decane–aqueous interface was utmost
(Fig. 4d), also supported by the RMSD profile of the flap at
n-alkane–aqueous interfaces Fig. 3b. During the simulations
the CRL flap had opened to a maximum of 14 Å, 10 Å, and
8 Å in decane–, octane– and hexane–aqueous systems. The
accessible molecular surface was found to increase in the three
systems with every nanosecond of simulation.

6. Conclusions

The lack of direct means to observe the e!ect of solvent
hydrophobicity on CRL activity lead to application of MD
simulations of CRL in alkane–aqueous environments. MD

simulations of the inactive conformer of CRL solvated in 1-
hexane–aqueous, 1-octane–aqueous and 1-decane–aqueous
systems revealed the solvation environment and the manner
in which CRL flap responded to solvent hydrophobicity.
CRL responded to the alkane aggregation by displacing its flap
to expose its hydrophobic active site. But, the extent to which
the flap opens to permit substrate access was dictated by the
strength of the interface. This study also does give an insight
that during hydrolysis the flap may not just be opening in
one set pattern as revealed and determined in the crystal struc-
ture of 1CRL [5] but, may vary corresponding to the formation
of the interface.

Acknowledgement: JJJ thanks the CSIR, Government of India for the
senior research fellowship. PG thanks the Department of Science and
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An Assessment of the Role of DNA Adenine
Methyltransferase on Gene Expression Regulation in
E coli
Aswin Sai Narain Seshasayee*

Genomics and Regulatory Systems Group, EMBL-European Bioinformatics Institute, Wellcome Trust Genome Campus, Cambridge, United Kingdom

N6-Adenine methylation is an important epigenetic signal, which regulates various processes, such as DNA replication and
repair and transcription. In c-proteobacteria, Dam is a stand-alone enzyme that methylates GATC sites, which are non-
randomly distributed in the genome. Some of these overlap with transcription factor binding sites. This work describes a global
computational analysis of a published Dam knockout microarray alongside other publicly available data to throw insights into
the extent to which Dam regulates transcription by interfering with protein binding. The results indicate that DNA methylation
by DAM may not globally affect gene transcription by physically blocking access of transcription factors to binding sites.
Down-regulation of Dam during stationary phase correlates with the activity of TFs whose binding sites are enriched for GATC
sites.

Citation: Seshasayee ASN (2007) An Assessment of the Role of DNA Adenine Methyltransferase on Gene Expression Regulation in E ?coli. PLoS
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INTRODUCTION
Dam is an N6-Adenine methyltransferase, which methylates
GATC sites soon after replication. Methylation is a bacterial
version of an immune response to phages. It has been described as
a signal that influences DNA-protein interactions [1]. GATC sites
have been shown to overlap with the binding sites of global
transcriptional regulators, CRP and FNR, and thus influence their
activity [2]. This would imply that a knockout of Dam should have
drastic effects on gene expression.
This work analyses a recently published microarray data of

a Dam mutant in order to assess the effect this has on transcription
regulation. Further, GATC-containing TF binding sites are
analysed in order to correlate any gene expression changes to
Dam binding. Finally, a hypothesis concerning the balance
between Dam binding and transcription regulation by the global
factor CRP is presented.

METHODS
Datasets
Microarray dataset for Dam mutant was obtained from Robbins-
Manke et al [3]. One set of stationary phase microarray data was
obtained from Tjaden et al. [4] and the other was downloaded
from the ASAP database [5] in November 2005. FNR knockout
microarray data on Affymetrix platform, which is used here as an
example to assess the effect of the knockout of a global
transcriptional regulator on gene expression, was obtained from
Covert et al. and Kang et al. as raw data and processed as below
[6,7]. Literature derived datasets for (1) transcription factor
binding sites (TFBS) (2) sigma factor binding sites/promoters
(SFBS) and (3) transcription units were obtained from RegulonDB
5.0 [8]. COG functional category assignments for E coli were
obtained from GenBank.

Microarray data analysis
The raw CEL files were processed using the RMA procedure and
differentially expressed genes were identified using LIMMA. RMA
does not require a baseline array for normalization and is based on
achieving quantile-quantile plots that are along the unit vector of
the diagonal [9]. LIMMA uses a moderated t-test approach to

identify differentially expressed genes [10]. For all microarray data
except the dam mutant, differential expression was defined by a q-
value of 0.05 following FDR multiple testing. For the dam mutant,
the cutoff was 0.01 without multiple testing The reasoning is
explained in context in the results section. All these calculations
were carried out using Bioconductor [11].

Functional category enrichment
Enrichment of specific functional categories among differentially
expressed genes was carried out using the an F-test followed by
FDR as used in FatiGO to identified enriched functional
categories among differentially expressed genes [12]. This was
done in R.

Permutation tests
Permutation tests were used for certain analyses as described in the
results. For this the pairings of TFs/Sigma factors to binding
sequences were randomly shuffled around.

Tetranucleotide profiling
Tetranucleotides in coding sequences and TFBS were counted
using the compseq program in the EMBOSS package [13]. For
the F-test, the FatiGO script implemented in R was used. An
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alternative scoring scheme was also used to test for enrichment.
The formula for enrichment in this approach is:

Log2!(SNT,TFBS=NST,TFBS)=(SNT,CODING=NST,CODING)"

where NT,TFBS is the number of occurrences of tetranucleotide T
within TFBS, NGT,TFBS is the sum of the counts of all
tetranucleotides within TFBS, GNT,CODING is the number of
occurrences of tetranucleotide T within coding regions and
NGT,CODING is the sum of the counts of all tetranucleotides within
coding regions. A two-fold enrichment would correspond to a score
of,0.7.

RESULTS
Dam mutant does not result in global changes in

transcription
In recent years, three different microarray studies have analysed
gene expression changes in dam E coli [3,14,15]. The most recent
of these [3], for which the raw data is available in GEO, describes
an overall increase in expression of about 200 genes in Dam using
Affymetrix GeneChip arrays. For the current study, this raw data
was reanalyzed. The data was normalised using RMA as in the
above study. However, instead of the ANOVA analysis used in the
above study, the moderated t-test approach of LIMMA imple-
mented in Bioconductor [11] was used to identify differentially
expressed genes. Following p-value adjustment with multiple
testing, it was found that none of the genes showed a statistically
significant change in gene expression at an FDR of 0.05. This is
very unlike an FNR–one of seven global regulators defined by
Martinez-Antonio and Collado-Vides [16]-knockout under anaer-
obic conditions [6,7], which on normalisation with RMA followed
by detection of differential expression with LIMMA and multiple
testing with FDR results in 340–360 differentially expressed genes.
While such a multiple correction approach is effective in
normalizing for dependencies across genes, it can lead to a loss
of sensitivity [17]. Hence, a more conservative approach of a raw
p-value cut-off of 0.01 and a log (base 2) change of 0.7 (2-fold
change) was used on the Dam dataset. 109 genes were differentially
expressed (Table S1). This included RecA and LexA confirming
the activation of DNA repair mechanisms. An over-representation
of genes involved in translation was also observed (F-test as used in

FatiGO [12], FDR q-value: 10215). This is as observed in the
original study [3]. However, the present analysis shows that no
other functional category is enriched. The lack of significance of
differential expression after multiple-correction might imply that
these changes are subtle. The gene expression changes may be
restrained due to the activity of a relatively less characterized
methyltransferase SmtA [18,19]. It may also arise because of
variation in the extent of double strand breaks in the population as
reported [3].

Dam binding sites and gene expression changes are

not correlated
Yet another dataset that was used in this study is experimentally
verified transcription factor binding site (TFBS) and promoter
sequence (PS) data downloaded from RegulonDB 5.0 [8]. A list of
experimentally verified transcription units was used in conjunction
with the above data in order to identify promoters of genes that are
differentially expressed, which also contain the GATC motif. The
109 differentially expressed genes fell in 65 different transcription
units. Of these 38 had an experimentally verified sigma factor
binding sequence (SFBS) and 25 had at least one known TFBS.
If the change in expression levels were due to altered TF

binding to DNA in the dam strain, then we would expect to see an
over-representation of GATC containing SFBS and TFBS in the
list of differentially expressed transcription units. However, this
was not the case (Tables S2 and S3). Only 3 differentially
expressed TFBS and SFBS contained GATC sites. This was just
random (Z-scores of-1.5 and 0.005 for SFBS and TFBS re-
spectively; control: 1000 randomly shuffled gene-SFBS/TFBS
pairs). In fact a lack of such correlation was reported by Robbins-
Manke et al. as well [3]. This implies that any change in expression
levels, despite being subtle, observed in the microarray data
cannot be attributed to the direct influence of methylation on
transcription factor or sigma factor binding to the DNA. These
transcriptional changes might be in response to damage to the
DNA that is caused by reduced methylation or due to hitherto
unexplained indirect effects.

Tetranucleotide profiling for GATC
In an earlier work, over-representation of specific words in gene-
upstream regions was described as a measure of the regulatory

Figure 1. Plots showing the propensities and Z-score for various (A) transcription factor binding sites and (B) sigma factor binding sites to contain
GATC.
doi:10.1371/journal.pone.0000273.g001
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potential of such motifs and validated using comparison with
known structures of DNA-protein complexes [20]. Hence, as
further test for the role of GATC as a regulatory motif at the
transcriptional level, tetranucleotide profiling analysis as described
in the above publication was carried out. Instead of an arbitrary
cut-off, as was used in the former work, the F-test-FDR test was
used to test for enrichment. Further, for this test, enrichment of
tetranucleotides within the experimentally validated TFBS in
comparison to the coding sequences was tested. It was found that
out of 256 possible tetranucleotides, 91 were statistically enriched
(q-value,0.05) within TFBS. This includes CTAG, which is the
core binding sequence for trp [21] and the met [22] repressors and
is known to be highly restrained in the genome [23]. However,
despite the fact that over 35%of all tetranucleotides are enriched
in TFBS, GATC is not, thus adding further to doubts on its role as
a transcriptional regulatory motif. This is true even when an
alternative approach to identifying enriched tetranucleotides is
used. In this approach a score was computed for each
tetranucleotide so that it would define whether the word is
enriched within TFBS or not. At a two-fold enrichment cut-off, 53
tetranucleotides were obtained. This list was a subset of the list
obtained using the F-test and thus GATC is found to be absent
here as well. These lists are provided as tables S4A and S4B.

Dam, CRP, Sigma38 and stationary phase
In the next step of the study, TFs and Sigma factors whose binding
sites were significantly enriched for GATC were identified (Fig. 1).
Among TFs for which more than 10 sites contained a GATC
sequence, only CRP and FNR showed significant enrichments
(tested using 1000 shuffling of TF to site mapping). CRP (Z-score:
8) showed a much greater significance than FNR (Z-score: 2.5). In
addition, a survey of Sigma factor binding sequences for GATC
using the same permutation tests as used for TFBS shows that only
the stationary phase/stress response sigma factor, Sigma 38 or
rpoS, is enriched for GATC, though only slightly (Z-score: 2.5).
CRP, which is activated by cAMP signalling in response to

glucose starvation, can be expected to be active during the
stationary phase of growth in minimal medium and would
therefore not be active under the conditions in which the above
microarray data was obtained. Hence it is reasonable that CRP
targets with GATC sites do not significantly change in expression
levels in a Dam mutant grown in rich media. The same is
applicable to SigmaS as well. However, the question is: how does
CRP access its binding sites even during stationary phase when the
sites are methylated? Two different publicly available Affymetrix
microarray datasets for stationary phase E coli cells [4,5] were
mined (using comparisons with log phase arrays from the same
experiment) for genes that were differentially expressed (moder-
ated t-test from LIMMA and FDR,0.05) during the stationary
phase (Table S5). It could be seen that Dam is consistently down
regulated in the stationary phase (FDR of 1028 and 1025 in the
two contrasts). This is consistent with results from a ten year old
small-scale experiment showing that Dam levels are dependent on
growth rate and that a ten-fold decrease in growth rate results in
a four-fold fall in Dam levels [24]. This would result in reduced
methylation during stationary phase, allowing CRP to bind its
targets in newly divided cells. This could also be one reason why
double strand breaks are induced during stationary phase [25].
This implies that Dam methylation does not really interfere with
TF binding under conditions in which the TF might be expected
to be active. Further the observation that only Sigma38 binding
sites among those for all sigma factors show enrichment for GATC
is further evidence to the above. This model is illustrated in Fig. 2.

Conclusion
Despite the description of isolated cases where DNA methylation
plays an important role in transcriptional regulation [1], it may not
be a global player. Dam is down regulated in the stationary phase,
which correlates with the enrichment of GATC in binding sites for
CRP and Sigma 38, though the functional significance of the
enrichment seen with FNR is not clear. [26]

SUPPORTING INFORMATION

Table S1 Genes differentially expressed in delta-dam mutant in
comparison to wt. This is a reanalysis of data published by
Robbins-Manke et al.
Found at: doi:10.1371/journal.pone.0000273.s001 (0.01 MB
TXT)

Figure 2. A schematic representation of the interplay between the
growth phase, Dam-mediated methylation and transcriptional effects of
CRP and Sigma38. This model is a hypothesis shows that Dam does not
directly inhibit TF/Sigma binding and its downregulation in stationary
phase correlates with the activation of CRP and Sigma38 whose binding
sites which are enriched for GATC.
doi:10.1371/journal.pone.0000273.g002
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Table S2 Experimentally verified transcription units containing
the genes that are differentially expressed in a dam mutant.
Sequences shown are sigma factor binding sites
Found at: doi:10.1371/journal.pone.0000273.s002 (0.00 MB
TXT)

Table S3 Experimentally verified transcription units containing
the genes that are differentially expressed in a dam mutant.
Sequences shown are transcription factor binding sites
Found at: doi:10.1371/journal.pone.0000273.s003 (0.00 MB
TXT)

Table S4A Tetranucleotides enriched in TFBS against coding
regions as seen from F-test FDR
Found at: doi:10.1371/journal.pone.0000273.s004 (0.00 MB
TXT)

Table S4B Tetranucleotides enriched in TFBS against coding
regions as seen from propensity score

Found at: doi:10.1371/journal.pone.0000273.s005 (0.00 MB
TXT)

Table S5 Genes differentially expressed in two independent
stationary phase vs. log phase contrasts
Found at: doi:10.1371/journal.pone.0000273.s006 (0.05 MB
TXT)
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