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1. Genome1. Genome--wide discovery of new bacterial regulons.wide discovery of new bacterial regulons.

2.2. Identifying developmental enhancer modules.Identifying developmental enhancer modules.

3.  Scaling in the functional content of genomes.3.  Scaling in the functional content of genomes.
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Analyzing genome wideAnalyzing genome wide
transcription regulation in bacteriatranscription regulation in bacteria

1. Find  putative binding sites by comparing regulatory regions 
of orthologous genes in different bacterial genomes.

2. Infer putative regulons by determining which binding sites are recognized by
the same transcription factor through probabilistic clustering.

• 210,000 papers on E. coli.
• 18,700 on transcription in E. coli.
• 2500 operons and regulatory regions. 10% have been studied experimentally.
• 300 transcription factors (TFs).
• 400 known TF binding sites (excluding sigma-factor sites) for 54 TFs.
• Expected 3000-6000 sites in total. 

Outline

The E. coli transcription regulatory network:

We know only (a biased) 10% of the regulatory network.



Alignment of known fruR binding sites:
AAGCTGAATCGATTTTATGATTTGGT

AGGCTGAATCGTTTCAATTCAGCAAG
CTGCTGAATTGATTCAGGTCAGGCCA
GTGCTGAAACCATTCAAGAGTCAATT
GTGGTGAATCGATACTTTACCGGTTG
CGACTGAAACGCTTCAGCTAGGATAA
TGACTGAAACGTTTTTGCCCTATGAG
TTCTTGAAACGTTTCAGCGCGATCTT
ACGGTGAATCGTTCAAGCAAATATAT
GCACTGAATCGGTTAACTGTCCAGTC
ATCGTTAAGCGATTCAGCACCTTACC

****gcTGAAtCGgcTGAAtCG**TTcAgTTcAg**c**c************

The weight matrix representation of The weight matrix representation of 
transcriptiontranscription factor binding sitesfactor binding sites
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Extraction of putative binding sitesExtraction of putative binding sites
1.  For each E. coli gene, find orthologs in other bacterial genomes.
2.  Find putative binding sites upstream of orthologous genes:

A. Align regulatory regions.Identify conserved stretches of regulatory region. 
(Rajewsky et al., Genome Res. 2002).  

B. Find multiple local alignment that maximizes total conservation. 
(Gibbs Sampler, McCue et al. Nucleic Acids Res. 2001). 

____________________CCTGATTGATTTAGACGTCTGGATGCCTTAAC______________
____________________CCTGATTGATTTAGACGTCTGGATGCCTTAAC______________
____________________GTCAGTTGACTTAGCCGTCTAGACGCCTTAAC______________
____________________ACATAGCAATCTAGACATCTAGAATACCAAAA______________
____________________ACATAGCATTCTAGACGTCTAGAATACAAAGC______________
____________________CTGCAACCATTTAGACGTCTAGACGTAAAAAT______________

E. coli
S. typhi
Y. pestis
H. influenzae
A. actinomycemcomitans
V. cholera

orthologs
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A few thousand groups of putative sites
in the E. coli genome.

Maximize “total conservation”.ATTTAGACGTCTGGAT
ATTTAGACGTCTGGAT
ACTTAGCCGTCTAGAC
ATCTAGACATCTAGAA
TTCTAGACGTCTAGAA
ATTTAGACGTCTAGAC

Extraction of putative binding sitesExtraction of putative binding sites



Clustering putative binding sitesClustering putative binding sites

If S is a set of binding sites and w a weightmatrix then the probability
that all these sites came from a single weightmatrix is given by: 

P(S) =  dw ∫ P(s | w)s ∈ S∏  =  3! A
in ! C

in ! G
in ! T

in !
(n+ 3)!i=1

l
∏

If C describes a partition of the data D into clusters Sc then 
the probability of the partition C is

ZP(Sc)DCP /   )|( c∏=

We assign a probability to each possible way of dividing the sites into clusters.



ExampleExample
Assume the data set consists of only these four sequences:
s1 = aaacgattcagttaggc
s2 = tcaagctaggtattacc
s3 = aaccgtttcgattcgga
s4 = tcgagaaaggtatcagc

P(s1,s3) P(s2,s4) = 0.543
aaacgattcagttaggc tcaagctaggtattacc
aaccgtttcgattcgga tcgagaaaggtatcagc

P(s1,s3,s4) P(s2) = 0.185
aaacgattcagttaggc tcaagctaggtattacc
aaccgtttcgattcgga 
tcgagaaaggtatcagc

P(s1,s2,s4) P(s3) = 0.084
aaacgattcagttaggc aaccgtttcgattcgga
tcaagctaggtattacc
tcgagaaaggtatcagc

The probabilities P(C|D) for several 
partitions (ways of clustering) the data:

P(s1)P(s3)  P(s2,s4) = 0.084
aaacgattcagttaggc aaccgtttcgattcgga   tcaagctaggtattacc

tcgagaaaggtatcagc

P(s1,s3) P(s2) P(s4) = 0.086
aaacgattcagttaggc tcaagctaggtattacc tcgagaaaggtatcagc
aaccgtttcgattcgga



Sampling the probability distribution.Sampling the probability distribution.

Standard Monte-Carlo Markov chain moves:
1. Propose random move from C to C’.
2. Accept when P(C)>P(C’) or with P(C)/P(C’) when P(C)<P(C’) .

Identify “stable” clusters of sites that consistently
“stick together” during sampling.



Example ClusterExample Cluster

Probability that site belongs to cluster
Genes downstream of site.

Inferred Weight Matrix
(sequence motif recognized 
by transcription factor.)



GntII system: catabolism of L-idonate
with D-gluconate as an intermediate

Additional genes in cluster:
idnT = L-idonate transporter
idnR = regulator idnDOTR operon
gntT,gntU = gluconate transporters.
b2740 = homologue of gluconate 

permease

Bausch et. al. 
J. Bacteriol. Vol 180, 
p. 3074 (1998)

Entner-Doudoroff pathway



ResultsResults

Clustering 2000 mini-WMs from McCue et al.:
115 stable clusters.
21 correspond to known regulons, 94 new putative regulons.

Clustering 2000 mini-WMs from Rajewsky et al. :
65 stable clusters.
25 correspond to known regulons, 40 new putative regulons.

Roughly 150 new sites for known regulons, and 500 sites
for unknown regulons.

http://www.physics.rockefeller.edu/regulons

van Nimwegen et al. PNAS 99:7323 (2002)
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RegulatoryRegulatory modules in Drosophilamodules in Drosophila

(from Arnone, M. I. and Davidson, E. H., Development, 124(10):1851-64, 1997.)



Bicoid Caudal Hunchback Knirps Kruppel Tailles TorRE

sequence

Set of Weight Matrices for the gap gene transcription factors

A `parse’ ρ of the sequence S in terms of hypothesized binding sites. 

)|( ρSP Probability of the observed sequence given the parse.

Parsing a sequence in terms of binding sitesParsing a sequence in terms of binding sites



Scanning upstream  regions for Scanning upstream  regions for 
clusters of binding sitesclusters of binding sites

ATG…..

10-30Kbp

500bp

ATG…..

10-30Kbp

Predicted locations of modules

cut-off

Profile of Z

For each 500bp region, calculate the sum of probabilities of all parses Z.

∑=
ρ

ρ)|(SPZ



Results on gap gene upstream regionsResults on gap gene upstream regions

All known modules are recovered!
Two additional modules predicted (currently being tested).

S. Sinha, E. van Nimwegen 
and E. Siggia.
Bioinformatics 19: i292-i301
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Statistically Comparing Functional Gene ContentStatistically Comparing Functional Gene Content

1. Define functional categories for gene annotations.
genes involved in metabolism
genes involved in the cell cycle
genes involved in signal transduction
genes involved in transcription regulation

2. Collect all sequenced genomes and run Interpro to 
annotate genes for known protein domains/families.

3. Map Interpro annotation to GO annotation to count number
of genes in each GO category.

http://www.ebi.ac.uk/proteome



Example ResultsExample Results

0.8 +/- 0.40.5 +/- 0.1Cell cycle
1.3 +/- 0.21.9 +/- 0.14Transcription regulation
1.0 +/- 0.21.0 +/- 0.1Metabolism
EukaryotesBacteriaExponents

)log()log(  nCnnAn ccccc
c αα +=⇔=

Slope of the line for category c.Exponent =cα



Distribution of the 
quality of the power-law fit
for all 154 categories with at 
least one match in each genome.

Examples of the
observed exponents cα

Overview of the Results in BacteriaOverview of the Results in Bacteria



Evolutionary modelEvolutionary model
• Consider the evolutionary history of a single genome.
• Think of the genome as a population of genes that are 

reproducing (duplication) and dying (deletion).

)(tnc The number of genes in category c at time t.

)(tcλ
The total number of genes in the genome at time t.)(tn

)(tcµ
The rate of duplication of genes in category c at time t.

The rate of deletion of genes in category c at time t.

)(tλ
)(tµ

The total rate of duplication in the genome at time t.

The total rate of deletion in the genome at time t.

Then one has at any point in time:
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Evolutionary histories of multiple genomes

Genome 1 Genome 3Genome 2 Genome 5Genome 4

History 1
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cα
History 3

History 5
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For each genome separately holds:

cα cα cα

In order for all to fall on the same line we need:

= =

Common ancestor genome )0(  ,)0( nnc

The exponents correspond to evolutionary constants.



AcknowledgmentsAcknowledgments

References:
1. Probabilistic clustering of sequences: Inferring new bacterial regulons by

comparative genomics. E. van Nimwegen, M. Zavolan, N. Rajewsky, E.D. Siggia
Proc. Acad. Natl. Sci. USA 99 7323-7328 (2002).

2. A probabilistic method to detect regulatory modules. 
S. Sinha, E. van Nimwegen, E. D. Siggia 
Bioinformatics 19 i292-i301 (2003).

3. Scaling laws in the functional content of genomes.
E. van Nimwegen
Trends in Genetics 19 479-484 (2004).

Collaborators (these projects):
• Nikolaus Rajewsky (NYU, New York)
• Eric Siggia (the Rockefeller University, New York)
• Saurabh Sinha (the Rockefeller University, New York)
• Mihaela Zavolan (Biozentrum, Basel)


