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Molecular composition of a bacterial cell
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Proteins: catalytic, signaling, structural roles

Multiply and survive through the different environmental conditions→ express the
genetic information by producing ribonucleic acid (RNA) molecules in the right time and
right amount.
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Transcriptional activity in bacteria
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Transcriptomics: from two-color microarrays to RNA-Seq

Gene1 Gene2 Gene3

Sample 2

Sample 1

Reference
genome

Fluorescent tags

RNA samples

Hybridization to microarray 
with probes for known 
or predicted transcripts

Sequencing and alignment 
of reads against 
genome sequence

convert to labelled cDNA cDNA library preparation 

Two-color microarray RNA Sequencing (RNA-Seq)

readout: two-color fluorescence intensity readout: count data

RNA sample 1 sample 2

(fragmentation, 
adapter ligation, 
amplification)

Sample 3

Despite considerable improvements in the microarray technology until ≈2010,
RNA-Seq progressively replaced the microarrays during the last ten years with the
development of high-throughput sequencing.
Dedicated RNA-Seq protocols can be used to map TSS at 1-bp resolution.
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Data on condition-dependent transcriptomes

635 501 638 500

U295.SigA.M4

U296.SigA.M3
U297.SigA.M4

U298.SigA.M3

D262

SAOUHSC_00646
SAOUHSC_00647

SAOUHSC_00648

S240 S241 S242

pbp4 S239

U730.SigB.M2

U731.SigA.M3
D628

D629

SAOUHSC_01420
SAOUHSC_01421

SAOUHSC_01422
SAOUHSC_01423

SAOUHSC_01424

S596

S597

arlS

truncated-arlR-arlR

S595 murG

58 001 62 166

U23.SigA.M3

U24.SigB.M2

U25.SigB.M2

SAOUHSC_00055 SAOUHSC_00056 SAOUHSC_00057

S23

S22

416 501 420 666

U175.SigA.M3

D160 D161

SAOUHSC_00413
SAOUHSC_00414

SAOUHSC_00415

SAOUHSC_00416
SAOUHSC_00417

S132 S133

S134

265 001 269 166

U99.SigA.M4

U100.SigA.M3

U101.SigA.M3

D92

D93

SAOUHSC_00246
SAOUHSC_00247 SAOUHSC_00248

SAOUHSC_00249

S82 S83 lytM

S81

1 361 501 1 364 5002 330 501 2 333 500

U1212.SigA.M3

U1213.SigA.M3

SAOUHSC_02527
SAOUHSC_02528

SAOUHSC_02529

SAOUHSC_02530

S977

fmhB S976

2 082 501 2 085 500

U1086.SigB.M2

D917
D918

D919

SAOUHSC_02247
SAOUHSC_02248

SAOUHSC_02249

SAOUHSC_02250

S865

S866

S867 S868

A overlapping 5'UTRs, 3'UTR B 5'UTR, intra, 3'UTR, 3'PT C intra (AS), 3'NT D 3'NT, indep, 3'PT

E indep-NT (AS), 5'UTR F intra, inter (AS), 3'NT G 5'UTRs, inter

G
e
n
b
a
n
k

a
n
n
o
ta

ti
o
n

e
x
p
re

ss
io

n
 p

ro
fi
le

s
(+

)
(-

)
T
U

s
a
n
n
o
ta

ti
o
n

n
e
w

G
e
n
b
a
n
k

a
n
n
o
ta

ti
o
n

e
x
p
re

ss
io

n
 p

ro
fi
le

s
(+

)
(-

)
T
U

s
a
n
n
o
ta

ti
o
n

n
e
w

PC 2 12 %

PC 3 6.6 %

PC
 1

 4
9 

%

Data from Mäder et al., 2016

8 / 37



The focus of this work: analysis of promoter regions
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Much of the regulation of transcription takes place in the promoter region and involves
the binding of proteins to DNA.
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Transcriptional regulation mediated by protein-DNA interactions

core RNA polymerase

sigma factor

Transcription 
factor (activator)

TSS

Transcription 
factor (repressor)

alternative
sigma factor

TSS

TSS .

+

TSS -

TSS - TSS +

basal repressed

activated redirected

When present and/or activated sigma factors and transcription factors bind to specific
sites of the DNA sequence and modulate transcription initiation rate.
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Protein-DNA interaction involves recognition of sequence motifs

5'-CAGTGGTCTAGACCACTG-3'
3'-GTCACCAGATCTGGTGAC-5'

Sigma factors and transcription factors recognize sequence patterns (motifs) that we
would like to discover based on statistical over-representation in DNA sequences.
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Methodological approaches to regulatory motif discovery

One of the oldest and most studied problem in computational biology . . .

Motif representation : words, regular expressions, position weight matrices

Statistical methodology : null-hypothesis testing vs. modeling of motif occurrences

Unsupervised vs. supervised approaches (discriminative learning based on
positive and negative data sets)

Much effort put in the use of data from high-throughput DNA binding assays

From Slattery et al. 2014 
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Our goal and methodological framework

Goal: develop new approaches to discover regulatory motifs in bacterial promoters by
making full use of

statistical properties of the sequence composition
(over-representation wrt background model)

expression data sets exploring the diversity of lifestyles (and possibly mutants)

knowledge of the precise position of the TSSs

Integrative probabilistic modelling

promoter DNA sequence mRNA levels

X → Y

X ← Y

Our methodological framework

Modelling π(X |Y ) instead of π(Y |X ) or π(X ,Y )

Bayesian inference and MCMC algorithms
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Sigma factor binding sites

TSS

-10-35 extended
-10

spacer

Motifs

Sigma factors recognize degenerate motifs located directly upstream the TSS
(-10 and -35 boxes)

Each promoter contains “by definition” one Sigma factor binding site

Sigma factors partition the promoter space↔ first level of regulation

Data (Nicolas et al., 2012)

Sequences: 3,243 promoter regions of length L = 101 bp
aligned wrt TSS (-60,+40) as determined by upshifts in expression signal along
the chromosome

Expression matrix: 3,243 promoters × 269 conditions
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Expression data across conditions summarized in correlation tree

0.0

1.0

1-r

3,243 promoters

Relevant for the search for sigma factor binding sites since first level of regulation

Statistical model aims to combine

hierchical classification of correlations between expression profiles

DNA sequence information
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Sequence model

Mixture model for sequence data (adapted from Nicolas et al., 2006)
Each type of motif has its own probability π(Mi = m) = αm,

∑
m α

M
m=1 = 1

π(Xi | Mi = m), proba. of sequence Xi ∈ {a,c,g,t}L given the presence of a motif
of type Mi = m
given motif type Mi and position (Si ,Di ),
Xi is modeled as four-state inhomogeneous Markov chain

5'-end
3'-end

θbg

(θm,2,k) k=1,..,Wm,2 (θm,1,k) k=1,..,Wm,1

θbg θbg

Wm,2 Wm,1
m,1 rm

Si Dispacer 
distance between boxes

distance between box 1
and 3'-end

background
nucleotide composition

position-specific
nucleotide composition

approximate
TSS position

Motif discovery
unsupervised estimation of model parameters (transdimensional MCMC)
computation of π(Mi = m | xi ) ∝ π(xi | Mi = m)αm
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Estimation of box width using MCMC (one type of motif)

Joint sampling of motif occurrence positions (Si ,Di ,Mi )i=1...I and model parameters
(α,Wbox1,Wbox2, θbox1, θbox2, θbg, . . .)
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From Nicolas et al., 2006
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Incorporating information from promoter correlation tree

M1

M2

Mi∈{∅,1,...,M} motif associated with sequence i

α=(α∅,α1,...,αM) probability of each motif after a switch

δ probability of motif switch at the leaf level

λ rate of motif switches per unit of branch length

Motif allocation (M1,M2, . . . ,MI) is no longer iid. Instead it results from an “evolution”
process along the branches of the tree.
Remarks

add only two parameters wrt classical iid mixture (λ et δ)

degenerate to iid mixture when λ→ +∞ or δ → 1
↪→ model for motif discovery with or without expression data

19 / 37



MCMC algorithm

In brief

all parameters estimated simultaneously

parameters and latent variables updated by blocks (gibbs-type and MH-type
moves)

transdimensional moves (Reversible Jump MH moves) are implemented to
accommodate incremental changes of dimension (eg width of position weight
matrices).

Inward-outward (or upward-downward) recursion in tree to update simultaneously
(Mi )i=1...I , where I is the number of leafs (promoters).

Sort by height the I − 1 internal nodes of the tree.
Node i has

I height hi
I left and right children l(i) and r(i)
I parent p(i)
I vector of indexes for the leafs of the subtree s(i)

Latent variables (M̃i )i=1:(2I−1) record the hidden type associated to each node i
(leaves and internal nodes).
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Inward recursion

Inward (upward) recursion consists of computing π(xs(i) | m̃i ) for m̃i ∈ {1, . . . ,M} et i
de 1 à 2I − 1.

In practice

For i = 1 . . . I (ie the leaves for which s(i) = i), compute

π(xi | m̃i ) = (1− δ)π(xi | Mi = m̃i ) + δ
∑

m

αmπ(xi | Mi = m) ,

where π(xi | Mi = m) =
∑

d,s π(xi ,Di = d ,Si = s | Mi = m) has been computed
for all possibles motif positions (Di ,Si )

For i = I + 1 . . . 2I − 1 (internal nodes), compute

π(xs(i) | m̃i )

=
∏

j∈{l(i),r(i)}

{
e−(hi−hj )λπ(xs(j) | M̃j = m̃i )

+(1− e−(hi−hj )λ)
∑

m

αmπ(xs(j) | M̃j = m)
}
,
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Outward recursion

At root node r = 2I − 1, start the outward recursion that consists in sampling from the
joint distribution of (M̃i )i=1:2I−1, (Mi )i=1:I) given x = (xi )i=1:I (x = xs(r)).

Conditional independence properties makes that it is enough for this to sample M̃i

given M̃p(i) and xs(i).

In practice

For i = r = 2I − 1, draw m̃r from π(m̃r | x) ∝ αmπ(xs(r) | m̃r ).

For i = 2I − 2 . . . 1 draw m̃i frow

π(m̃i | x , m̃p(i))

∝ π(xs(i) | m̃i )×
[
e−(hp(i)−hi )λI{m̃p(i) = m̃i}+ αm(1− e−(hp(i)−hi )λ)

]
.

For i = I . . . 1 draw mi from π(mi | x , m̃i ) ∝ π(xi | mi )×
[
(1− δ)I{m̃i = m}+ αmδ

]
.

The values of the rv Di and Si that indicates the exact position of the motif Mi in the
promoter region i are then drawn given mi .
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Behaviour of the MCMC algorithm, M = 20 motifs
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Back to biology: activity of sigma factors across conditions
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Back to biology: origin of antisense RNAs
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On a total of 423 antisense RNAs (B. subtilis), 82% linked either to activity of
alternative sigma factors or to incomplete terminations:

48% under control of alternative sigma factors (up to 77% for those with their own
promoters),

62% in contexts on incomplete termination.

↪→ Hypothesis (Nicolas et al., 2012) : transcriptional noise
sites recognized by alternative sigma factors appear and sites of transcription termination disappear at random during evolution

Hypothesis that received further support from results obtained on another bacterium
(S. aureus, Mäder et al., 2016):
less alternative sigma factors→ less antisense RNAs with their own promoters
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Transcription factor (TF) vs. sigma factor binding sites

Same aim as for Sigma factor binding sites: discover motifs recognized by the different
TF by simultaneous analysis of all the promoter regions, making full use of sequence
data, expression data, exact position of the TSSs.

in each promoter region any number of TF binding sites (0→ many) vs. one
sigma factor binding site

TF regulons (set of regulated genes) partially overlap→ no clear hierarchy

TF binding sites can overlap

TF binding sites can exhibit any type of positional preference wrt TSS

impact of TF on expression levels is more subtle than Sigma factors (can be
activator or repressor)

TF binding motifs can be represented by a single box (in first approx.), they are
often palindromic

↪→ Need for a different statistical model for the

sequence given the presence of some motifs

occurrence of the different motifs given expression data
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Sequence model for promoter regions with TF binding motifs
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Motif occurrences are allowed to overlap
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Sequence model with overlapping motif occurrences

π(xn|A, θ, θ0, r ,W )

=

[ ∏
{l∈Mn}

θm,l−am,n+r,xn,l

][ ∏
{l∈Bg}

θ0,xn,l

][ ∏
{l∈O}

1
|O(l)|

∑
m∈O(l)

θm,l−am,n+r,xn,i

]

realistic from a biological perspective? (not necessarily)

simple

possible to model motif occurrences as independent random variables

avoid hard constraints on positions of occurrences
→ easier for updating motif positions and motif width (no collision)

30 / 37



Summarizing expression data (here 1,512 promoters × 165 conditions)
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Modified probit regression framework to incorporate expression data y

Probability of occurrence of motif m in sequence n, π(am,n > 0|y , t , β, b, c), written

Φ
(
βm,0 +

∑
c

βm,cI{tm,c=1}
[
yn,cI{bm,c=0}

+I{bm,c=1}[(γm,c − 1)I{ym,c≤y[cm,c ],c} + γm,cI{ym,c>y[cm,c ],c}]
])

Data augmentation for Bayesian inference of probit model (Gaussian rv Zm,n)
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Modified probit regression on a tree
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●

π(am,n > 0|y , t , β, b, c)

= Φ
(
βm,0 +

∑
c

βm,cI{tm,c=1}
[
yn,cI{bm,c=0}

+I{bm,c=1}[(γm,c − 1)I{ym,c≤y[cm,c ],c} + γm,cI{ym,c>y[cm,c ],c}]
])

Importantly: algorithm in O(N) to sample the position of the cut in the tree given Zm,·
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Application on real data (set-up)

Data set

Listeria monocytogenes

Number of promoter sequences N = 1,512

Original dimension of the transcriptome data-set 1,512×165 (Bécavin et al., 2017)

C = 50 covariates were defined using PCA, ICA, and hierarchical clustering

Model and algorithm

Number of motifs searched for is M = 75

Model and algorithm allow soft transitions between normal and palindromic motif

MCMC algorithm was run 10 times for 50,000 sweeps (burn-in 10,000)

Postprocessing (clustering) to identify stable motifs
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Example of motif identified with the algorithm
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Illustration of the diversity of motifs
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