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1	  -‐	  Understand	  what	  is	  a	  mo6f	  and	  its	  various	  representa6ons	  



• 	  From	  alignment	  to	  mo6f	  

• 	  Mo6f	  descriptors	  
	  

1	  -‐	  Understand	  what	  is	  a	  mo6f	  and	  its	  various	  representa6ons	  
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R E V I EW S

ORTHOLOGY

Two sequences are orthologous
if they share a common ancestor
and are separated by speciation.

PHYLOGENETIC FOOTPRINTING 

An approach that seeks to
identify conserved regulatory
elements by comparing genomic
sequences between related
species.

MACHINE LEARNING

The ability of a program to learn
from experience — that is, to
modify its execution on the basis
of newly acquired information.
In bioinformatics, neural
networks and Monte Carlo
Markov Chains are well-known
examples.

Identification of regions that control transcription
An initial step in the analysis of any gene is the identifi-
cation of larger regions that might harbour regulatory
control elements. Several advances have facilitated the
prediction of such regions in the absence of knowl-
edge about the specific characteristics of individual cis-
regulatory elements. These tools broadly fall into two
categories: promoter (transcription start site; TSS)
and enhancer detection. The methods are influenced
by sequence conservation between ORTHOLOGOUS genes
(PHYLOGENETIC FOOTPRINTING), nucleotide composition and
the assessment of available transcript data.

Functional regulatory regions that control transcrip-
tion rates tend to be proximal to the initiation site(s) of
transcription. Although there is some circularity in the
data-collection process (regulatory sequences are sought
near TSSs and are therefore found most often in these
regions), the current set of laboratory-annotated regula-
tory sequences indicates that sequences near a TSS are
more likely to contain functionally important regulatory
controls than those that are more distal. However, specifi-
cation of the position of a TSS can be difficult. This is fur-
ther complicated by the growing number of genes that
selectively use alternative start sites in certain contexts.
Underlying most algorithms for promoter prediction is a
reference collection known as the ‘Eukaryotic Promoter
Database’ (EPD)4. Early bioinformatics algorithms that
were used to pinpoint exact locations for TSSs were
plagued by false predictions5. These TSS-detection tools
were frequently based on the identification of TATA-box
sequences, which are often located ~30 bp upstream of a
TSS. The leading TATA-box prediction method6, reflect-
ing the promiscuous binding characteristics of the TATA-
binding protein, predicts TATA-like sequences nearly
every 250 bp in long genome sequences.

A new generation of algorithms has shifted the
emphasis to the prediction of promoters — that is,
regions that contain one or more TSS(s). Given that
many genes have multiple start sites, this change in
focus is biochemically justified.

The dominant characteristic of promoter sequences
in the human genome is the abundance of CpG dinu-
cleotides. Methylation plays a key role in the regulation
of gene activity. Within regulatory sequences, CpGs
remain unmethylated, whereas up to 80% of CpGs in
other regions are methylated on a cytosine. Methylated
cytosines are mutated to adenosines at a high rate,
resulting in a 20% reduction of CpG frequency in
sequences without a regulatory function as compared
with the statistically predicted CpG concentration7.
Computationally, the CG dinucleotide imbalance can be
a powerful tool for finding regions in genes that are
likely to contain promoters8.

Numerous methods have been developed that
directly or indirectly detect promoters on the basis of
the CG dinucleotide imbalance. Although complex
computational MACHINE-LEARNING algorithms have been
directed towards the identification of promoters, simple
methods that are strictly based on the frequency of CpG
dinucleotides perform remarkably well at correctly pre-
dicting regions that are proximal to or that contain the

does not reveal the entire picture. There is only partial
correlation between transcript and protein concentra-
tions3. Nevertheless, the selective transcription of genes
by RNA polymerase-II under specific conditions is cru-
cially important in the regulation of many, if not most,
genes, and the bioinformatics methods that address the
initiation of transcription are sufficiently mature to
influence the design of laboratory investigations.

Below, we introduce the mature algorithms and
online resources that are used to identify regions that
regulate transcription. To this end, underlying meth-
ods are introduced to provide the foundation for
understanding the correct use and limitations of each
approach. We focus on the analysis of cis-regulatory
sequences in metazoan genes, with an emphasis on
methods that use models that describe transcription-
factor binding specificity. Methods for the analysis of
regulatory sequences in sets of co-regulated genes will
be addressed elsewhere.We use a case study of the human
skeletal muscle troponin gene TNNC1 to demonstrate
the specific execution of the described methods. A set of
accompanying online exercisesprovides the means for
researchers to independently explore some of the meth-
ods highlighted in this review (see online links box).
Because the field is rapidly changing, emerging classes of
software will be described in anticipation of the creation
of accessible online analysis tools.

Distal TFBS

Proximal TFBS

Transcription
initiation complex Transcription

initiation

CRM

Co-activator complex

Chromatin

Figure 1 | Components of transcriptional regulation. Transcription factors (TFs) bind 
to specific sites (transcription-factor binding sites; TFBS) that are either proximal or 
distal to a transcription start site. Sets of TFs can operate in functional cis-regulatory 
modules (CRMs) to achieve specific regulatory properties. Interactions between bound TFs
and cofactors stabilize the transcription-initiation machinery to enable gene expression. 
The regulation that is conferred by sequence-specific binding TFs is highly dependent on the
three-dimensional structure of chromatin.

How	  do	  TF	  «	  know	  »	  where	  to	  bind	  DNA	  ?	  

but	  not	  



..TAGCGCGCTT.. ..GATTAATAGC.. 
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modules (CRMs) to achieve specific regulatory properties. Interactions between bound TFs
and cofactors stabilize the transcription-initiation machinery to enable gene expression. 
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TF	  recognize	  TFBS	  with	  specific	  
DNA	  sequences	  

How	  do	  TF	  «	  know	  »	  where	  to	  bind	  DNA	  ?	  



    TTAATA 

TFBS	  are	  degenerate	  

    TTATTA 

    TAATTA 

TFBSs	  are	  degenerate:	  	  
a	  given	  TF	  is	  able	  to	  bind	  DNA	  on	  	  
TFBSs	  with	  different	  sequences	  

Problem : How can we model/describe the binding specificity of each TF ? 
(for further usage by programs)  



5’- TCTCTCTCCACGGCTAATTAGGTGATCATGAAAAAATGAAAAATTCATGAGAAAAGAGTCAGACATCGAAACATACAT!

5’- ATGGCAGAATCACTTTAAAACGTGGCCCCACCCGCTGCACCCTGTGCATTTTGTACGTTACTGCGAAATGACTCAACG!

5’- CACATCCAACGAATCACCTCACCGTTATCGTGACTCACTTTCTTTCGCATCGCCGAAGTGCCATAAAAAATATTTTTT!

5’- TGCGAACAAAAGAGTCATTACAACGAGGAAATAGAAGAAAATGAAAAATTTTCGACAAAATGTATAGTCATTTCTATC!

5’- ACAAAGGTACCTTCCTGGCCAATCTCACAGATTTAATATAGTAAATTGTCATGCATATGACTCATCCCGAACATGAAA!

5’- ATTGATTGACTCATTTTCCTCTGACTACTACCAGTTCAAAATGTTAGAGAAAAATAGAAAAGCAGAAAAAATAAATAA!

5’- GGCGCCACAGTCCGCGTTTGGTTATCCGGCTGACTCATTCTGACTCTTTTTTGGAAAGTGTGGCATGTGCTTCACACA!

…HIS7 !

…ARO4!

…ILV6!

…THR4!

…ARO1!

…HOM2!

…PRO3!

MulCple	  alignment	  
(! Orientation !) 

Binding	  specificity	  of	  a	  given	  TF	  

TF=	  Gcn4	  (yeast	  transcripConal	  acCvator	  of	  genes	  involved	  in	  the	  biosynthesis	  of	  amino	  acids)	  

A A A A G A G T C A !
A A A T G A C T C A !
A A G T G A G T C A !
A A A A G A G T C A !
G G A T G A G T C A !
A A A T G A G T C A !
G A A T G A G T C A !
A A A A G A G T C A !

1 2 3 4 5 6 7 8 9 10!

Target	  gene	  

Gcn4	  



•  What	  is	  a	  mo)f	  ?	  
	  

-‐	  Sequence	  moCfs	  are	  short,	  recurring	  paDerns	  in	  DNA	  that	  are	  presumed	  to	  have	  
a	  biological	  func6on.	  (D’haeseleer,	  Nature	  Biotechnology,	  2006)	  

-‐	  Common	  proper6es	  shared	  by	  a	  group	  of	  biologically-‐related	  sequences	  
(Bucher,	  Comput	  chem,	  1996)	  

-‐	  In	  the	  context	  of	  transcripConal	  regulaCon:	  
For	  a	  given	  TF,	  the	  binding	  moCf	  represents	  its	  binding	  specificity	  
	  
	  
	  
	  
•  How	  is	  a	  mo)f	  represented/described	  ?	  
−  MoCf	  model	  or	  mo6f	  descriptor	  =	  representaCon	  of	  this	  moCf	  
−  a	  moCf	  can	  be	  represented	  synthe6cally	  in	  various	  ways	  
	  

	  

DNA	  Binding	  mo6f	  

A	  mo6f	  is	  an	  abstract	  concept	  !	  	  



• 	  From	  alignment	  to	  mo6f	  

• 	  Mo6f	  descriptors	  
	  

1	  -‐	  Understand	  what	  is	  a	  mo6f	  and	  its	  various	  representa6ons	  



•  String-‐based	  
−  Strict	  consensus	  	  
−  Degenerate	  consensus	  

•  Regular	  expressions	   

•  Matrix-‐based	  
−  PosiCon-‐specific	  scoring	  matrices	  (PSSMs)	  

•  Sequence	  Logos	  
•  Hidden	  Markov	  Models	  (HMM)	  	  
	  
	  

	  

Mo6f	  descriptors	  



String-‐based	  representa6on	  

•  Mo6f	  is	  described	  as	  a	  string	  (=sequence)	  
−  Consensus	  sequence	  :	  derived	  from	  the	  collecCon	  of	  binding	  sites	  by	  taking	  

the	  predominant	  le-er	  at	  each	  posiCon	  of	  the	  moCf	  

	  
	  
	  
	  
	  
	  
	  
	  
	  

	  

TF=	  Gcn4	  

Strict	  consensus:	  only	  ATGC	  alphabet	  
Degenerate	  consensus:	  IUPAC	  code	  for	  ambiguous	  nucleoCdes	  

IUPAC	  ambiguous	  nucleo6de	  code	  
A 	  A 	  Adenine	  
C 	  C 	  Cytosine	  
G 	  G 	  Guanine	  
T 	  T 	  Thymine	  
R	   	  A	  or	  G 	  puRine	  
Y 	  C	  or	  T 	  pYrimidine	  
W 	  A	  or	  T 	  Weak	  hydrogen	  bonding	  
S	   	  G	  or	  C 	  Strong	  hydrogen	  bonding	  
M 	  A	  or	  C 	  aMino	  group	  at	  common	  posiCon	  
K 	  G	  or	  T 	  Keto	  group	  at	  common	  posiCon	  
H 	  A,	  C	  or	  T 	  not	  G	  
B 	  G,	  C	  or	  T 	  not	  A	  
V 	  G,	  A,	  C 	  not	  T	  
D 	  G,	  A	  or	  T 	  not	  C	  
N 	  G,	  A,	  C	  or	  T 	  aNy	  

A A A A G A G T C A !
A A A T G A C T C A !
A A G T G A G T C A !
A A A A G A G T C A !
G G A T G A G T C A !
A A A T G A G T C A !
G A A T G A G T C A !
A A A A G A G T C A !

1 2 3 4 5 6 7 8 9 10!

A A A t G A G T C A !

A	  consensus	  looks	  like	  a	  sequence	  but	  is	  not	  a	  TFBS	  (there	  is	  actually	  no	  TF	  
recognizing	  this	  sequence,	  except	  in	  some	  cases	  of	  strict	  consensus)	  !!!	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  This	  is	  a	  mo6f	  representa6on	  !!! 

R A A w G A G T C A !



Consensus	  sequence	  

TF=	  Gcn4	  

A A A A G A G T C A !
A A A T G A C T C A !
A A G T G A G T C A !
A A A A G A G T C A !
G G A T G A G T C A !
A A A T G A G T C A !
G A A T G A G T C A !
A A A A G A G T C A !

1 2 3 4 5 6 7 8 9 10!

A A A T G A G T C A !
R A A w G A G T C A !

	  	  	  	  	  
	  	  	  	  	  	  
	  	  	  	  	  Simple	  and	  synthe6c	  representa6on	  
	  
	  

	  	  	  	  	  
	  	  	  	  	  	  
	  	  	  	  	  strict	  consensus:	  loss	  of	  informa6on	  about	  
	  	  	  	  	  non-‐predominant	  leDers	  
	  
	  

	  	  	  	  	  
	  	  	  	  	  	  
	  	  	  	  	  degenerate	  consensus:	  loss	  of	  informa6on	  about	  
	  	  	  	  	  the	  most	  frequent	  leDer	  
	  
	  



	  

TGACAA 
TGACAG 
TGATGG 
TGACAA 
TGGCAG 
TGATTG 
TGACAG 
TGACAG 
	  
•  How	  many	  posi6ons	  in	  this	  mo6f	  ?	  
•  Write	  the	  strict	  consensus	  and	  degenerate	  consensus	  with	  IUPAC	  code	  

	  
	  
	  
	  
	  
	  

TF=	  Meis	  
(from	  various	  vertebrates)	  

Hands	  on	  !	   IUPAC	  ambiguous	  nucleo6de	  code	  
A 	  A 	  Adenine	  
C 	  C 	  Cytosine	  
G 	  G 	  Guanine	  
T 	  T 	  Thymine	  
R	   	  A	  or	  G 	  puRine	  
Y 	  C	  or	  T 	  pYrimidine	  
W 	  A	  or	  T 	  Weak	  hydrogen	  bonding	  
S	   	  G	  or	  C 	  Strong	  hydrogen	  bonding	  
M 	  A	  or	  C 	  aMino	  group	  at	  common	  posiCon	  
K 	  G	  or	  T 	  Keto	  group	  at	  common	  posiCon	  
H 	  A,	  C	  or	  T 	  not	  G	  
B 	  G,	  C	  or	  T 	  not	  A	  
V 	  G,	  A,	  C 	  not	  T	  
D 	  G,	  A	  or	  T 	  not	  C	  
N 	  G,	  A,	  C	  or	  T	  aNy	  



•  String-‐based	  
−  Strict	  consensus	  	  
−  Degenerate	  consensus	  

•  [Regular	  expressions] 

•  Matrix-‐based	  
−  PosiCon-‐specific	  scoring	  matrices	  (PSSMs)	  

•  Sequence	  Logos	  
•  Hidden	  Markov	  Models	  (HMM)	  	  
	  
	  

	  

Mo6f	  descriptors	  



Matrix-‐based	  representa6on	  

Count	  matrix	  

count	  matrix	  :	  indicates	  the	  number	  of	  Cmes	  each	  nucleoCde	  is	  
found	  at	  each	  posiCon	  of	  the	  moCf.	  
	  
	  

	  

TF=	  Gcn4	  
A A A A G A G T C A !
A A A T G A C T C A !
A A G T G A G T C A !
A A A A G A G T C A !
G G A T G A G T C A !
A A A T G A G T C A !
G A A T G A G T C A !
A A A A G A G T C A !

1 2 3 4 5 6 7 8 9 10!

A A A T G A G T C A !
R A A w G A G T C A !

A | 6 7 7 3 0 8 0 0 0 8 !
C | 0 0 0 0 0 0 1 0 8 0 !
G | 2 1 1 0 8 0 7 0 0 0 !
T | 0 0 0 5 0 0 0 8 0 0 !

	  	  	  	  	  
	  	  	  	  	  	  
	  	  	  	  	  More	  expressive	  than	  consensus	  sequence	  
	  	  	  	  	  Keeps	  informa6on	  on	  all	  nucleo6des	  	  
	  
	  



	  

TGACAA 
TGACAG 
TGATGG 
TGACAA 
TGGCAG 
TGATTG 
TGACAG 
TGACAG 
	  
•  Construct	  the	  count	  matrix	  for	  this	  TF	  

	  
	  
	  
	  
	  
	  

TF=	  Meis	  
(from	  various	  vertebrates)	  

Hands	  on	  !	  



Matrix-‐based	  representa6on	  

A  alphabet size (=4) 
ni,j,  occurrences of residue i at position j 
fi,j  relative frequency of residue i at position j 

Reference:	  Hertz	  (1999).	  BioinformaCcs	  15:563-‐577.	  

€ 

fi, j =
ni, j

ni, j
i=1

A

∑

€ 

ni, j

€ 

ni, j
i=1

A

∑



	  

TGACAA 
TGACAG 
TGATGG 
TGACAA 
TGGCAG 
TGATTG 
TGACAG 
TGACAG 
	  
•  Construct	  the	  frequency	  matrix	  for	  this	  TF	  

	  
	  
	  
	  
	  
	  

TF=	  Meis	  
(from	  various	  vertebrates)	  

Hands	  on	  !	  



•  String-‐based	  
−  Strict	  consensus	  	  
−  Degenerate	  consensus	  

•  [Regular	  expressions] 

•  Matrix-‐based	  
−  PosiCon-‐specific	  scoring	  matrices	  (PSSMs)	  

•  Sequence	  Logos	  
•  Hidden	  Markov	  Models	  (HMM)	  
	  
	  

	  

Mo6f	  descriptors	  



Sequence	  Logo	  

•  Graphical	  representaCon	  of	  a	  moCf	  
•  Each	  column	  represents	  one	  posiCon	  of	  the	  moCf	  
•  The	  le-ers	  indicate	  which	  residues	  are	  found	  at	  a	  

given	  posiCon	  of	  the	  moCf	  
•  Total	  height	  of	  each	  column	  is	  proporConal	  to	  the	  

sequence	  conservaCon	  at	  this	  posiCon	  (measured	  
in	  bits)	  

•  Maximum	  =	  2	  bits	  for	  a	  posiCon	  that	  is	  perfectly	  
conserved	  

•  Indicates	  the	  amount	  of	  informa6on	  held	  by	  
each	  posi6on	  of	  the	  moCf	  

•  The	  height	  of	  each	  leDer	  is	  proporConal	  to	  the	  
frequency	  of	  each	  residue	  at	  a	  given	  posiCon	  

•  Advantages:	  
−  Easy	  idenCficaCon	  of	  the	  most	  important	  

posiCons	  of	  the	  moCf	  

    	  
	  
	  
	  
	  

Schneider	  et	  al.	  Sequence	  logos:	  a	  new	  way	  to	  display	  consensus	  
sequences.	  Nucleic	  Acids	  Research	  (1990)	  vol.	  18	  (20)	  pp.	  6097-‐100	  

A A A A G A G T C A !
A A A T G A C T C A !
A A G T G A G T C A !
A A A A G A G T C A !
G G A T G A G T C A !
A A A T G A G T C A !
G A A T G A G T C A !
A A A A G A G T C A !

1 2 3 4 5 6 7 8 9 10!

A A A T G A G T C A !
R A A w G A G T C A !

A | 6 7 7 3 0 8 0 0 0 8 !
C | 0 0 0 0 0 0 1 0 8 0 !
G | 2 1 1 0 8 0 7 0 0 0 !
T | 0 0 0 5 0 0 0 8 0 0 !
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€ 

I j = 2 − (− fi, j
i=1
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∑ log 2( fi, j))

residue	  i	  ,	  posiCon	  j	  



•  String-‐based	  
−  Strict	  consensus	  	  
−  Degenerate	  consensus	  

•  [Regular	  expressions] 

•  Matrix-‐based	  
−  PosiCon-‐specific	  scoring	  matrices	  (PSSMs)	  

•  Sequence	  Logos	  
•  Hidden	  Markov	  Models	  (HMM)	  

	  	  
	  

	  

Mo6f	  descriptors	  
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Abstract

Finding where transcription factors (TFs) bind to the DNA is of key importance to decipher gene regulation at a
transcriptional level. Classically, computational prediction of TF binding sites (TFBSs) is based on basic position weight
matrices (PWMs) which quantitatively score binding motifs based on the observed nucleotide patterns in a set of TFBSs for
the corresponding TF. Such models make the strong assumption that each nucleotide participates independently in the
corresponding DNA-protein interaction and do not account for flexible length motifs. We introduce transcription factor
flexible models (TFFMs) to represent TF binding properties. Based on hidden Markov models, TFFMs are flexible, and can
model both position interdependence within TFBSs and variable length motifs within a single dedicated framework. The
availability of thousands of experimentally validated DNA-TF interaction sequences from ChIP-seq allows for the generation
of models that perform as well as PWMs for stereotypical TFs and can improve performance for TFs with flexible binding
characteristics. We present a new graphical representation of the motifs that convey properties of position
interdependence. TFFMs have been assessed on ChIP-seq data sets coming from the ENCODE project, revealing that
they can perform better than both PWMs and the dinucleotide weight matrix extension in discriminating ChIP-seq from
background sequences. Under the assumption that ChIP-seq signal values are correlated with the affinity of the TF-DNA
binding, we find that TFFM scores correlate with ChIP-seq peak signals. Moreover, using available TF-DNA affinity
measurements for the Max TF, we demonstrate that TFFMs constructed from ChIP-seq data correlate with published
experimentally measured DNA-binding affinities. Finally, TFFMs allow for the straightforward computation of an integrated
TF occupancy score across a sequence. These results demonstrate the capacity of TFFMs to accurately model DNA-protein
interactions, while providing a single unified framework suitable for the next generation of TFBS prediction.
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Introduction

Transcription factors (TFs) and their specific binding sites act to
modulate the rate of gene transcription. They are central to key
biological processes, such as organ development and tissue
differentiation, nutrient and environmental stress responses and
physiological signals. Delineating specific positions at which TFs
bind to DNA is of high importance in deciphering gene regulation
at the transcriptional level. Each TF binds a variety of DNA sites
with sequence-specific affinity [1]. As TFs bind to DNA in a
sequence specific manner, computational methods for motif
discrimination have been critically important for the prediction
of transcription factor binding sites (TFBSs). Unfortunately,
TFBSs are usually short and in most cases TFs are tolerant of
sequence variations at many positions of the TFBS. This tolerance
for variation impacts the accuracy of genome-scale prediction of
TFBSs, as suitable TFBS sequences are found frequently. The
accurate prediction of TFBSs is an enduring challenge [2], with
ongoing approaches introduced to decrease the high rate of false

predictions. In a human cell, it appears that most computationally
predicted TFBS are not available for binding, presumably due to
chromatin structure and/or local epigenetic properties. Approach-
es to address the false prediction issue have varied: phylogenetic
methods to focus on sequences conserved during evolution [3],
using experimentally mapped transcription start site data to focus
on promoter proximal regions [4], using histone modification or
DNA accessibility data to highlight likely regulatory sequences [5],
or focusing on locally dense combinations of motifs [6,7] defined
from TFBS enrichment analysis of co-expressed genes.

Classically, computational prediction of TFBSs is based on
models called position weight matrices (PWMs) that reflect the
preferred binding motifs associated to corresponding TFs by
providing an additive score for any sequence. They approximate
the true specificity of a TF and their parameters can be estimated
through different methods (see [8] for a review). The basic PWMs
make the assumption that each nucleotide within a TFBS
participates independently in the corresponding DNA-protein
interaction. Basic PWMs can perform well in modeling TFBS

PLOS Computational Biology | www.ploscompbiol.org 1 September 2013 | Volume 9 | Issue 9 | e1003214

HMM	  

generated background data sets by randomly drawing sequences
from mappable regions of the human and mouse genomes by
keeping the same %GC composition distribution as in the ChIP-
seq testing sequences (see Materials and Methods). Another set of
background sequences has been generated from a first-order
HMM reflecting the background dinucleotide composition of each
ChIP-seq testing data set. Across varying thresholds for TFBS
prediction scores for the four different models, we calculate
predictive sensitivity and specificity at each threshold value and
trace the corresponding receiver operating characteristic (ROC)
curves.

For each ENCODE ChIP-seq data set, the area under the
curves (AUC) for the corresponding ROC curves (for all predictive
methods) have been computed. To compare the predictive powers
of the different methods, we focus on ChIP-seq data sets for which
at least one predictive method achieves an AUC§70% when
discriminating ChIP-seq from genomic background sequences (i.e.
96 ChIP-seq data sets). We plot the ratios of performance between
the best model and the others on the set of ChIP-seq data for
which at least one predictive method is of high quality. In Figure 3,
we show the ratio of performance to the best model for ChIP-seq
data giving a high quality discriminative performance. When
considering a similar performance between models when the ratio
of the AUCs is above 95%, we show that the specificity of the
binding proteins are captured similarly by using weight matrices
(WMs) or TFFMs. Where the performance ratio is below 95%, we
can observe an increase in discriminative power in favour of the
TFFMs when compared to the WMs (compare the right part of
Figure 3 to the left part). When considering the strict difference
between respective performance (i.e. when getting strictly higher
AUC values), the results indicate that the TFFMs are performing

strictly better than both the PWMs and the DWMs in
discriminating ChIP-seq peak sequences from background se-
quences in two thirds of the data sets. Namely, the 1st-order and
the detailed TFFMs are performing strictly better than both the
PWMs and the DWMs for 63 and 65 data sets, respectively, over
the 96 ChIP-seq data sets considered (see Figure 3). Taken
together, the TFFMs perform strictly better than WMs in 67 data
sets over 96 (70%). Similar results (65 over 94, 69%) are obtained
when considering background sequences generated from a first-
order HMM (see Figure S1). Explicit AUC values are plotted in
Figure S2. We can observe that the TFFMs perform as well as or
better than WMs overall on the sets of ChIP-seq data for which at
least one predictive method is of high quality when discriminating
ChIP-seq sequences from genomic background sequences. See
similar results in Figure S3 when considering HMM-generated
background sequences.

Statistical significances of the differences in terms of discrimi-
native power between the different methods has been computed
for each pair of methods using a Wilcoxon signed rank test [46]
assuming the null hypothesis of a symmetric distribution of AUC
differences around 0 when two methods perform similarly. Table 1
contains the Benjamini-Hochberg [47] corrected statistical signif-
icance of the differences between each one of the predictive
methods when considering data sets where at least one method
obtains an AUC§70%. It shows that the performance difference
between the two TFFMs is not significant with a p-value of 0.528.
On the contrary, the difference of performance when comparing
both of the TFFMs with the PWMs and the DWMs is statistically
significant (see Table 1 where the maximal p-value is equal to

3:7|10{6). These p-values indicate that the null hypothesis can
be rejected. PWMs and DWMs have more comparable behavior

Figure 2. Sequence logo representing a TFFM. (A) Graphical representation of a TFFM constructed for the Hnf4A TF. Each column corresponds
to a position within a TFBS. Each row captures the probabilities of each nucleotide to appear depending on the nucleotide found at the previous
position. The opacity of a case represents the probability of hitting this case depending on the probability of appearance of the corresponding
nucleotide at the previous position (the higher the opacity, the higher the probability). (B) The summary logo compacts all the information to
summarize the dense logo in (A). (C) Zooming in on the dense TFFM logo for positions 10 to 13 (corresponding to the box in (A)). We observe that a
‘‘C’’ is more likely to appear at position 12 if nucleotide ‘‘T’’ was found at position 11 whereas a ‘‘T’’ is more likely to appear at position 12 if nucleotide
‘‘G’’ was found at position 11.
doi:10.1371/journal.pcbi.1003214.g002

The Next Generation of TF Binding Site Prediction

PLOS Computational Biology | www.ploscompbiol.org 5 September 2013 | Volume 9 | Issue 9 | e1003214

reads map on the genome of reference and TFBSs are expected to
be strongly enriched in close proximity to the peak max position
[45]. For each data set, the 600 peaks with the highest signal were
used to extract the most over-represented motif within the
sequences and to initialize the model probabilities. To avoid
over-fitting the data when assessing the predictive power of the

different models, we used the remaining sequences to construct
training and testing data sets following a 10-fold cross-validation
approach. Assuming that high quality ChIP-seq data contain at
least one true TFBS within each peak region, we considered the
hit (matching sequence) with the best score per peak as a TFBS
prediction. To assess the level of specificity for each method, we

Figure 1. HMM schemas. (A) 1st-order HMM schema used in 1st-order TFFMs where the first state represents the background and the following
states the consecutive positions within a TFBS. Each state emits a nucleotide with a probability dependent on the nucleotide emitted previously. (B)
HMM schema used in detailed TFFMs where each state in the 1st-order HMM is decomposed into four states (one per nucleotide). Transition
probabilities reflects the emission probabilities of the 1st-order HMM. It allows the start of a TFBS depending on the nucleotide emitted by the
background states.
doi:10.1371/journal.pcbi.1003214.g001
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1	  -‐	  Understand	  what	  is	  a	  mo6f	  and	  its	  various	  representa6ons	  

• 	  	  The	  binding	  moCf	  of	  a	  given	  transcripCon	  factor	  captures	  its	  
DNA	  binding	  specificity.	  	  
• 	  	  Among	  other	  ways	  to	  describe	  this	  moCf,	  consensus	  
sequences	  and	  count	  matrices	  are	  common	  and	  can	  be	  used	  by	  
programs.	  	  
• 	  	  The	  logo	  is	  a	  graphical	  descriptor	  to	  easily	  grasp	  the	  moCf	  for	  
a	  (human)	  eye.	  



	  

	  
	  

	  

Aim	  of	  the	  course	  

	  
2	  –	  Understand	  what	  is	  a	  paDern	  matching	  problem	  	  
	  

	  
	  
3	  –	  PaDern	  matching	  approaches	  
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1	  -‐	  Understand	  what	  is	  a	  mo6f	  and	  its	  various	  representa6ons	  



PaDern	  matching	  vs.	  Mo6f	  discovery	  (1)	  

>genomic sequence 
Tgcagagggatgatggacctttcgtctgtaggctcgtagaatggcacgcagtgggg 
Aagagtgtgaccactcaatgctttgcagccgaaattgtggagaaaagtacggatag 
Ttcccgtagttcgaggaagacataccatttattctccctccttgcgtaactaaatg 

Gagaacattctaaagtgtcaccatcatatagacgatagataaccgatcgctgttcg 
acttactcgggaaggacttggcacctttactccagtgagaacaacgtcccttagat 

Is	  there	  a	  puta6ve	  	  
TFBS	  inside	  ?	  
	  
At	  which	  posi6on	  	  
in	  the	  sequence	  ?	  
 Problem	  :	  How	  can	  we	  search	  these	  mo)fs	  in	  sequences	  ?	  	  

PaDern	  matching	  
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Mo6f	  discovery	  

5’- TCTCTCTCCACGGCTAATTAGGTGATCATGAAAAAATGAAAAATTCATGAGAAAAGAGTCAGACATCGAAACATACAT!

5’- ATGGCAGAATCACTTTAAAACGTGGCCCCACCCGCTGCACCCTGTGCATTTTGTACGTTACTGCGAAATGACTCAACG!

5’- CACATCCAACGAATCACCTCACCGTTATCGTGACTCACTTTCTTTCGCATCGCCGAAGTGCCATAAAAAATATTTTTT!

5’- TGCGAACAAAAGAGTCATTACAACGAGGAAATAGAAGAAAATGAAAAATTTTCGACAAAATGTATAGTCATTTCTATC!

5’- ACAAAGGTACCTTCCTGGCCAATCTCACAGATTTAATATAGTAAATTGTCATGCATATGACTCATCCCGAACATGAAA!

5’- ATTGATTGACTCATTTTCCTCTGACTACTACCAGTTCAAAATGTTAGAGAAAAATAGAAAAGCAGAAAAAATAAATAA!
5’- GGCGCCACAGTCCGCGTTTGGTTATCCGGCTGACTCATTCTGACTCTTTTTTGGAAAGTGTGGCATGTGCTTCACACA!

…HIS7 !
…ARO4!
…ILV6!
…THR4!
…ARO1!
…HOM2!
…PRO3!

?	  

Problem	  :	  If	  there	  is	  a	  common	  regula)ng	  factor,	  can	  we	  discover	  its	  mo)f	  only	  using	  these	  
sequences	  ?	  

Co-‐expressed	  
	  genes	  



Set	  of	  DNA	  sequences	  

Known	  
Mo6f(s)	  ?	  

TFBS	  loca6on	  

PaDern	  matching	  

YES	  

Mo6f	  discovery	  

Puta6ve	  regulatory	  mo6f	  

NO	  

PaDern	  matching	  vs.	  Mo6f	  discovery	  (2)	  



Regulatory	  regions	  :	  characteris6cs	  



Computa6onal	  detec6on	  of	  TFBS:	  Challenges	  

•  Very	  short	  sequences	  (5	  –	  20	  bp)	  
•  TFBS	  are	  searched	  in	  someCmes	  very	  large	  genomic	  sequences	  (few	  Mb	  to	  Gb	  for	  

vertebrate	  sequences	  !)	  
•  TFBS	  are	  someCmes	  far	  their	  target	  genes	  
•  TFBSs	  are	  degenerate:	  a	  given	  TF	  is	  able	  to	  bind	  DNA	  on	  TFBSs	  with	  different	  

sequences	  

	  

•  A	  computaConal	  predic6on	  of	  a	  TFBS	  does	  not	  imply	  that	  it	  is	  func6onal	  biologically.	  	  
•  Sequences	  idenCcal	  to	  a	  TFBS	  are	  also	  found	  at	  random	  sites	  in	  genomes	  !	  	  
•  On	  the	  contrary,	  a	  predicted	  TFBS	  shown	  not	  to	  be	  funcConal	  may	  be	  an	  actual	  TFBS	  in	  

other	  biological	  condi6ons…	  



	  

	  
	  

	  

Aim	  of	  the	  course	  

	  
2	  –	  Understand	  what	  is	  a	  paDern	  matching	  problem	  	  
	  

	  
	  
3	  –	  PaDern	  matching	  approaches	  
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1	  -‐	  Understand	  what	  is	  a	  mo6f	  and	  its	  various	  representa6ons	  



• 	  String-‐based	  =>	  mo6f	  =	  consensus	  

• 	  Matrix-‐based	  =>	  mo6f	  =	  count	  matrix	  

• 	  Sta6s6cal	  evalua6on	  of	  the	  results	  
	  

PaDern	  matching	  



Is	  this	  posi6on	  a	  match	  ?	  
=>	  Yes	  /	  No	  

PaDern-‐matching:	  principle	  

INPUT	  

Alignment	  of	  the	  moCf	  with	  a	  
sequence	  segment	  
(segment	  length	  =	  moCf	  length)	  

OUTPUT	  

Iterate	  to	  	  
the	  next	  posiCon	  	  
in	  the	  sequence	  
«	  scanning	  »	  

matrix

A T G C G G G A T T T C C G A ... 
segment 1

segment 2

s
c
o
re

 1

s
c
o
re

 3

matrix

matrix

segment 3

s
c
o
re

 2

>sequence 
Tgcagaggga 
Aagagtgtga 
Ttcccgtagt 

Gagaacattc 
acttactcggg 
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mo6f	  =>	  consensus	  sequence	  of	  interest	  

AAATGAGTCA!

AAATGAGTCA!

AAATGAGTCA!

m
at
ch
	  ?
	  

m
at
ch
	  ?
	  

m
at
ch
	  ?
	  

posi6ons	  of	  the	  matches	  on	  the	  sequence	  of	  interest	  

...AAATGAGTCA... 

Gcn4	  mo6f	  
AAATGAGTCA!



Problems	  to	  take	  into	  account	  

•  treatment	  of	  self-‐overlap	  

	  

•  Search	  on	  both	  strands	  ?	  

	  



PaDern	  matching	  

• 	  String-‐based	  =>	  mo6f	  =	  consensus	  

• 	  Matrix-‐based	  =>	  mo6f	  =	  count	  matrix	  

• 	  Sta6s6cal	  evalua6on	  of	  the	  results	  
	  



Regulatory	  mo6f	  described	  as	  a	  PSSM	  

 Pos 
Base 

1 2 3 4 5 6 7 8 9 10 11 12 

A 1 3 2 0 8 0 0 0 0 0 1 2 
C 2 2 3 8 0 8 0 0 0 2 0 2 
G 1 2 3 0 0 0 8 0 5 4 5 2 
T 4 1 0 0 0 0 0 8 3 2 2 2 
   V C A C G T K B   
 

Binding motif of the yeast TF 
Pho4p (TRANSFAC matrix F$PHO4_01) 



 Pos 1 2 3 4 5 6 7 8 9 10 11 12

A 0.13 0.38 0.25 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.13 0.25 
C 0.25 0.25 0.38 1.00 0.00 1.00 0.00 0.00 0.00 0.25 0.00 0.25 
G 0.13 0.25 0.38 0.00 0.00 0.00 1.00 0.00 0.63 0.50 0.63 0.25 
T 0.50 0.13 0.00 0.00 0.00 0.00 0.00 1.00 0.38 0.25 0.25 0.25 

Sum 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

A  alphabet size (=4) 
ni,j,  occurrences of residue i at position j 
fi,j  relative frequency of residue i at position j 

Reference: Hertz (1999). Bioinformatics 15:563-577. 

€ 

fi, j =
ni, j

ni, j
i=1

A

∑

Frequency	  matrix	  



Pseudo-‐count	  correc6on	  

•  Aim:	  
−  Correct	  the	  small-‐sample	  effect	  
−  Avoid	  “0”	  values	  that	  will	  be	  problemaCc	  for	  computaCons	  with	  the	  PSSM	  

•  Principle	  
−  Add	  a	  pseudo-‐count	  =>	  “fake”	  addiConal	  site	  
−  If	  pseudo-‐count	  =	  1,	  sum	  of	  occurences	  is	  thus	  +1	  
−  This	  value	  of	  “1”	  is	  distributed	  among	  the	  four	  bases	  	  

•  Equally:	  +0.25	  to	  each	  le-er	  
•  Prior	  :	  a	  residue-‐specific	  value	  is	  added	  
Eg:	  yeast,	  upstream	  sequences:	  A	  =0.3 	  C=0.2 	  G=0.2 	  T=0.3	  



P
r

 Pos 1 2 3 4 5 6 7 8 9 10 11 12

A 0.15 0.37 0.26 0.04 0.93 0.04 0.04 0.04 0.04 0.04 0.15 0.26 
C 0.24 0.24 0.35 0.91 0.02 0.91 0.02 0.02 0.02 0.24 0.02 0.24 
G 0.13 0.24 0.35 0.02 0.02 0.02 0.91 0.02 0.58 0.46 0.58 0.24 
T 0.48 0.15 0.04 0.04 0.04 0.04 0.04 0.93 0.37 0.26 0.26 0.26 

Sum 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

A  alphabet size (=4) 
ni,j,  occurrences of residue i at position j 
pi  prior residue probability for residue i 
fi,j  relative frequency of residue i at position j 
k  pseudo weight (arbitrary, 1 in this case) 
f'i,j  corrected frequency of residue i at position j 

Reference: Hertz (1999). Bioinformatics 15:563-577. 
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1st option: identically  
distributed pseudo-weight 

2nd option: pseudo-weight distributed  
according to residue priors 

Corrected	  frequency	  matrix	  



PaDern-‐matching:	  principle	  

INPUT	  

Alignment	  of	  the	  moCf	  with	  a	  
sequence	  segment	  
(segment	  length	  =	  moCf	  length)	  

OUTPUT	  

Iterate	  to	  	  
the	  next	  posiCon	  	  
in	  the	  sequence	  
«	  scanning	  »	  

matrix

A T G C G G G A T T T C C G A ... 
segment 1

segment 2
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matrix

matrix

segment 3

s
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>sequence 
Tgcagaggga 
Aagagtgtga 
Ttcccgtagt 

Gagaacattc 
acttactcggg 

...2-11-07.153117_tCOIpQ_input_m1

8 sites
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mo6f	  =>	  matrix	  sequence	  of	  interest	  

...AAATGAGTCA... 

Gcn4	  mo6f	  

A|6773080008!
C|0000001080!
G|2110807000!
T|0005000800!

posi6ons	  of	  the	  matches	  on	  the	  sequence	  of	  interest	  +	  score	  

score	  =	  5.9	  

Is	  this	  posi6on	  a	  match	  ?	  
score	  calculaCon	  :	  Is	  the	  score	  
above	  the	  threshold	  ?	  



•  Let	  	  
–  M	  be	  a	  frequency	  matrix	  of	  width	  w 	

–  S = {r1, r2, …, rw}	  be	  a	  sequence	  segment	  of	  length	  w	  (same	  length	  as	  the	  matrix)	

–  rj	  is	  the	  residue	  found	  at	  posiCon	  j	  of	  the	  sequence	  segment	  S.	  

•  The	  corrected	  frequencies	  F’ij	  can	  be	  used	  to	  esCmate	  the	  probability	  to	  observe	  residue	  i	  at	  posiCon	  j	  of	  
the	  moCf	  described	  by	  the	  matrix	  

•  The	  probability	  to	  generate	  the	  sequence	  segment	  S	  under	  the	  model	  described	  by	  the	  matrix	  M	  is	  the	  
product	  of	  the	  frequencies	  of	  residues	  at	  the	  corresponding	  columns	  of	  the	  matrix.	  	  

€ 

P S |M( ) = f 'rj j
j=1

w

∏

 Pos 1 2 3 4 5 6 7 8 9 10 11 12

A 0.15 0.37 0.26 0.04 0.93 0.04 0.04 0.04 0.04 0.04 0.15 0.26 
C 0.24 0.24 0.35 0.91 0.02 0.91 0.02 0.02 0.02 0.24 0.02 0.24 
G 0.13 0.24 0.35 0.02 0.02 0.02 0.91 0.02 0.58 0.46 0.58 0.24 
T 0.48 0.15 0.04 0.04 0.04 0.04 0.04 0.93 0.37 0.26 0.26 0.26 

Sequence S A T G C G T A A A G C T
P(res) 0.15 0.15 0.35 0.91 0.02 0.04 0.04 0.04 0.04 0.46 0.02 0.26

P(S|M) 5.32E-13

Probability	  of	  a	  sequence	  segment	  under	  the	  matrix	  model	  P(S|M)	  

>my_sequence_to_scan 
ATGCGTAAAGCTAAAATTCTGTAAGACTAGAATCCAGGAGGCCAACTGTGATTGAGTTCTGAAAAATTGAGAGCCCTACTCCCCTCTC
TCACTTGTGGGAGCCCACTCAGGTCTGAAGTGCTCCCAGAGAACATGCCAGAATTAC.... 



•  A	  background	  model	  (B)	  should	  be	  defined	  to	  esCmate	  the	  probability	  of	  a	  sequence	  moCf	  outside	  
of	  the	  mo6f.	  	  

•  One	  way	  to	  view	  the	  background	  model	  is	  to	  consider	  the	  matrix	  as	  what	  models	  the	  binding	  sites	  
and	  the	  background	  as	  what	  models	  non-‐binding	  sites	  

•  Various	  possibiliCes	  can	  be	  envisaged	  to	  define	  the	  background	  model	  
–  Bernoulli	  model	  with	  equiprobable	  residues	  (this	  should	  generally	  be	  avoided,	  because	  most	  

biological	  sequences	  are	  biased	  towards	  some	  residues)	  
–  Bernoulli	  model	  with	  residue-‐specific	  probabili6es	  (pr)	  
–  Markov	  chains	  

•  Under	  a	  Bernoulli	  model,	  the	  probability	  of	  a	  sequence	  moCf	  S	  is	  the	  probability	  of	  the	  prior	  
frequencies	  of	  its	  residues	  rj.	  

€ 

P S |B( ) = prj
j=1

w

∏

 Pos Prior

A 0.325
C 0.175
G 0.175
T 0.325

Sequence S A T G C G T A A A G C T
P(res) 0.325 0.325 0.175 0.175 0.175 0.325 0.325 0.325 0.325 0.175 0.175 0.325
P(S|B) 6.29E-08

Probability	  of	  a	  sequence	  segment	  under	  the	  background	  model	  P(S|B)	  



P(S|M)	  probability	  for	  site	  S	  to	  be	  generated	  as	  an	  instance	  of	  the	  moCf.	  
P(S|B)	  probability	  for	  site	  S	  to	  be	  generated	  as	  an	  instance	  of	  the	  background.	  
W 	  weight,	  i.e.	  the	  log	  raCo	  of	  the	  two	  above	  probabiliCes.	  
	  
	  
	  
A	  posiCve	  weight	  indicates	  that	  a	  site	  is	  more	  likely	  to	  be	  an	  instance	  of	  the	  moCf	  than	  

of	  the	  background.	  

Sand, O., Turatsinze, J.V. and van Helden, J. (2008). Evaluating the prediction of cis-acting regulatory elements in genome sequences 
In Frishman, D. and Valencia, A. (eds.), Modern genome annotation: the BioSapiens network. Springer."
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Assigning	  a	  score	  to	  a	  DNA	  sequence	  segment:	  the	  weight	  score	  

P(S|M)=	  5.32E-‐13	  
P(S|B)	  =	  6.29E-‐8	  
WS= 	  -‐11,67	  



TF=	  Meis	  
(from	  various	  vertebrates)	  

Hands	  on	  !	  

a  |  0  0  7  0  6  2 
c  |  0  0  0  6  0  0 
g  |  0  8  1  0  1  6 
t  |  8  0  0  2  1  0 

AATGAC!

•  Calculate	  the	  probability	  of	  the	  green	  sequence	  under	  the	  matrix	  
model	  

•  Calculate	  the	  probability	  of	  the	  green	  sequence	  under	  the	  
background	  model	  pA=pT=0.2	  pC=pG=0.3	  

•  Calculate	  the	  weight	  score	  of	  this	  sequence	  	  
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Wi, j = ln
fi, j
'

pi
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Ws  weight of sequence segment S	

Wi,j  weight of residue i at position j 
 
pi  prior residue probability for residue I 
f'i,j  corrected frequency of residue i at position j 
 
P(S|M)  probability of the sequence segment, given the matrix 
P(S|B)  probability of the sequence segment, given the background 
 

 Pos 1 2 3 4 5 6 7 8 9 10 11 12
A -0.79 0.13 -0.23 -2.20 1.05 -2.20 -2.20 -2.20 -2.20 -2.20 -0.79 -0.23 
C 0.32 0.32 0.70 1.65 -2.20 1.65 -2.20 -2.20 -2.20 0.32 -2.20 0.32 
G -0.29 0.32 0.70 -2.20 -2.20 -2.20 1.65 -2.20 1.19 0.97 1.19 0.32 
T 0.39 -0.79 -2.20 -2.20 -2.20 -2.20 -2.20 1.05 0.13 -0.23 -0.23 -0.23 

residue r A T G C G T A A A G C T
W(r) -0.79 -0.79 0.70 1.65 -2.20 -2.20 -2.20 -2.20 -2.20 0.97 -2.20 -0.23

Weight =SUM[W(r)]-11.67

Posi6on-‐weight	  matrix	  (PWM)	  

Under	  Bernoulli	  asumpCon,	  the	  weight	  matrix	  Wij	  can	  be	  used	  to	  simplify	  the	  computaCon	  of	  segment	  
weights.	  
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PaDern	  matching	  

• 	  String-‐based	  =>	  mo6f	  =	  consensus	  

• 	  Matrix-‐based	  =>	  mo6f	  =	  count	  matrix	  

• 	  Sta6s6cal	  evalua6on	  of	  the	  results	  
	  



•  The	  sequence	  is	  scanned	  with	  the	  matrix,	  and	  a	  score	  is	  assigned	  to	  each	  posiCon.	  
•  The	  highest	  score	  reflects	  the	  highest	  probability	  of	  having	  a	  func6onal	  site.	  

Where	  to	  set	  the	  threshold	  ?	  

	  
	  
	  

PaDern	  matching	  :	  a	  delicate	  compromise	  



	  
•  How	  to	  define	  the	  threshold	  ?	  There	  is	  a	  trade	  :	  

–  stringent	  threshold	  
	  =>	  high	  confidence	  in	  the	  predicted	  sites,	  but	  many	  real	  sites	  are	  missed	  

	  
–  loose	  threshold	  

	  =>	  the	  real	  sites	  are	  drawn	  in	  a	  sea	  of	  false	  posiCve	  
	  
	  
	  

PaDern	  matching	  :	  a	  delicate	  compromise	  



	  
	  
	  

PosiCve	  PredicCve	  Value	  (PPV)	  	  	  	  	  	  Selec6vity	  	  =	  Nb	  True	  PosiCves	  /	  Nb	  Total	  hits	  	  
	   	   	   	   	  	  	  	  	  	  	  	  	  	  	  	  	  Sensi6vity	  =	  Nb	  True	  PosiCves	  /	  Nb	  Total	  sites	  

	  

	  
Trade	  between	  
–  high	  selec6vity	  ⇔	  low	  sensi6vity	  

	  =>	  high	  confidence	  in	  the	  predicted	  sites,	  
	  	  	  	  	  but	  many	  real	  sites	  are	  missed	  
–  low	  selec6vity	  ⇔	  high	  sensi6vity	  

	  =>	  the	  real	  sites	  are	  drawn	  in	  	  
	  	  	  	  	  a	  sea	  of	  false	  posiCve	  
	  
	  
	  

PaDern	  matching	  :	  a	  delicate	  compromise	  

Posi6ve	   Nega6ve	  

Posi6ve	   True	  PosiCve	   False	  negaCve	  

Nega6ve	   False	  PosiCve	   True	  NegaCve	  

Predic)ons	  

An
no

ta
)o

n	  

Total	  sites	  =	  TP+FN	  

Total	  “hits”=	  TP+FP	  

true 
negatives 

score 

threshold 

false 
negatives 

false 
positives 
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 s
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true 
positives 



Score	  distribu6ons	  and	  P-‐values	  

•  Imagine	  a	  virtual	  experience:	  
−  Generate	  all	  possible	  words	  that	  can	  be	  scored	  with	  this	  PSSM	  :	  415	  sequence	  

segments	  of	  size	  15	  (ranging	  from	  AAAAAAAAAAAAAAA to	  TTTTTTTTTTTTTTT)	  
−  Given	  a	  background	  model,	  we	  score	  each	  segments	  
−  Obtain	  a	  list	  of	  415 scores	  =>	  calculate	  the	  frequency	  of	  each	  score	  
−  Obtain	  the	  theore6cal	  distribu6on	  of	  scores	  

	  

eve PSSM (length = 15) 
a  |  0  5  3  6  1  2  7  0  0  8  4  2  3  1  0 
c  |  8  0  4  2  3  3  0  0  1  1  0  5  0  6  7 
g  |  1  4  2  1  0  3  2  0  0  0  4  2  6  2  0 
t  |  0  0  0  0  5  1  0  9  8  0  1  0  0  0  2 

•  In	  prac6ce:	  
−  This	  approach	  is	  not	  compuConnally	  efficient	  and	  

becomes	  impossible	  for	  large	  matrices	  
−  Directly	  calculate	  the	  distribuCons,	  without	  

generaCng	  or	  scoring	  any	  sequence	  
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Score	  distribu6ons	  and	  P-‐values	  

−  P(X>=x)	  is	  the	  P-‐value	  associated	  to	  score	  x	  
−  The	  P-‐value	  is	  interpreted	  as	  the	  risk	  of	  false	  predic6ons	  
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Probability	  to	  observe	  by	  chance	  the	  exact	  score	  P(X=x)	  
eg:	  P(X=0)	  =	  7.2	  E-‐5	   inverse cumulative distribution:	  

Probability	  to	  observe	  by	  chance	  a	  score	  of	  a	  least	  x	  P(X>=x)	  
eg:	  P(X>=0)	  =	  1.4	  E-‐2	  



Sepng	  a	  threshold	  on	  P-‐values	  

Set	  a	  threshold	  on	  P-‐value	  =	  10	  E-‐4	  
	  
=>	  Contrary	  to	  a	  threshold	  set	  on	  weight,	  this	  threshold	  can	  be	  interpreted:	  	  
we	  expect	  1	  false	  predic6on	  every	  10	  000	  bp	  if	  scanned	  on	  one	  strand	  
we	  expect	  2	  false	  predic6ons	  every	  10	  000	  bp	  if	  scanned	  on	  both	  strands	  
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Threshold	  can	  be	  interpreted	  in	  terms	  of	  risk	  of	  false	  predic6ons	  	  
	  



Sepng	  a	  threshold	  on	  P-‐values	  

Allows	  to	  work	  with	  mul6ple	  matrices	  
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−  A	  score	  in	  a	  given	  matrix	  does	  not	  correspond	  to	  the	  same	  score	  in	  another	  matrix	  
eg:	  depending	  on	  the	  size	  of	  the	  matrix,	  a	  score	  of	  5	  could	  be	  a	  very	  high	  or	  quite	  low	  score	  
	  	  
−  Using	  a	  threshold	  on	  P-‐value	  circumvents	  this	  issue	  
−  Tracing	  the	  theore6cal	  distribu6on	  helps	  to	  define	  an	  appropriate	  threshold	  
	  



Strategies	  for	  paDern	  matching	  	  

• 	  	  Pa-ern-‐matching	  aims	  at	  finding	  putaCve	  TFBS	  (for	  which	  
the	  binding	  moCf	  is	  known)	  in	  DNA	  sequences	  
• 	  	  If	  the	  moCf	  is	  represented	  as	  a	  matrix,	  a	  weight	  score	  is	  
calculated	  for	  all	  possible	  posiCons,	  but	  only	  the	  regions	  with	  a	  
score	  higher	  than	  a	  threshold	  are	  considered	  as	  hits	  
• 	  	  Results	  are	  highly	  dependent	  on	  this	  threshold.	  Choosing	  a	  
threshold	  on	  a	  p-‐value	  allows	  to	  interpret	  it	  in	  terms	  of	  risk	  of	  
false	  predicCons.	  



PaDern-‐matching	  

Searching	  for	  regulatory	  modules	  



Cis-‐Regulatory	  Modules	  (CRMs)	  
•  What	  is	  a	  CRM	  ?	  
	  

–  Various	  definiCons	  and	  names	  (promoter	  modules,	  cis-‐regulatory	  clusters,	  
composite	  elements)	  

–  RelaCvely	  small	  genomic	  region	  (hundreds	  of	  nucleoCdes)	  regrouping	  several	  
binding	  sites,	  allowing	  a	  combined	  effect	  of	  mulCple	  TFs	  on	  the	  expression	  of	  the	  
target	  gene	  
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R E V I EW S

ORTHOLOGY

Two sequences are orthologous
if they share a common ancestor
and are separated by speciation.

PHYLOGENETIC FOOTPRINTING 

An approach that seeks to
identify conserved regulatory
elements by comparing genomic
sequences between related
species.

MACHINE LEARNING

The ability of a program to learn
from experience — that is, to
modify its execution on the basis
of newly acquired information.
In bioinformatics, neural
networks and Monte Carlo
Markov Chains are well-known
examples.

Identification of regions that control transcription
An initial step in the analysis of any gene is the identifi-
cation of larger regions that might harbour regulatory
control elements. Several advances have facilitated the
prediction of such regions in the absence of knowl-
edge about the specific characteristics of individual cis-
regulatory elements. These tools broadly fall into two
categories: promoter (transcription start site; TSS)
and enhancer detection. The methods are influenced
by sequence conservation between ORTHOLOGOUS genes
(PHYLOGENETIC FOOTPRINTING), nucleotide composition and
the assessment of available transcript data.

Functional regulatory regions that control transcrip-
tion rates tend to be proximal to the initiation site(s) of
transcription. Although there is some circularity in the
data-collection process (regulatory sequences are sought
near TSSs and are therefore found most often in these
regions), the current set of laboratory-annotated regula-
tory sequences indicates that sequences near a TSS are
more likely to contain functionally important regulatory
controls than those that are more distal. However, specifi-
cation of the position of a TSS can be difficult. This is fur-
ther complicated by the growing number of genes that
selectively use alternative start sites in certain contexts.
Underlying most algorithms for promoter prediction is a
reference collection known as the ‘Eukaryotic Promoter
Database’ (EPD)4. Early bioinformatics algorithms that
were used to pinpoint exact locations for TSSs were
plagued by false predictions5. These TSS-detection tools
were frequently based on the identification of TATA-box
sequences, which are often located ~30 bp upstream of a
TSS. The leading TATA-box prediction method6, reflect-
ing the promiscuous binding characteristics of the TATA-
binding protein, predicts TATA-like sequences nearly
every 250 bp in long genome sequences.

A new generation of algorithms has shifted the
emphasis to the prediction of promoters — that is,
regions that contain one or more TSS(s). Given that
many genes have multiple start sites, this change in
focus is biochemically justified.

The dominant characteristic of promoter sequences
in the human genome is the abundance of CpG dinu-
cleotides. Methylation plays a key role in the regulation
of gene activity. Within regulatory sequences, CpGs
remain unmethylated, whereas up to 80% of CpGs in
other regions are methylated on a cytosine. Methylated
cytosines are mutated to adenosines at a high rate,
resulting in a 20% reduction of CpG frequency in
sequences without a regulatory function as compared
with the statistically predicted CpG concentration7.
Computationally, the CG dinucleotide imbalance can be
a powerful tool for finding regions in genes that are
likely to contain promoters8.

Numerous methods have been developed that
directly or indirectly detect promoters on the basis of
the CG dinucleotide imbalance. Although complex
computational MACHINE-LEARNING algorithms have been
directed towards the identification of promoters, simple
methods that are strictly based on the frequency of CpG
dinucleotides perform remarkably well at correctly pre-
dicting regions that are proximal to or that contain the

does not reveal the entire picture. There is only partial
correlation between transcript and protein concentra-
tions3. Nevertheless, the selective transcription of genes
by RNA polymerase-II under specific conditions is cru-
cially important in the regulation of many, if not most,
genes, and the bioinformatics methods that address the
initiation of transcription are sufficiently mature to
influence the design of laboratory investigations.

Below, we introduce the mature algorithms and
online resources that are used to identify regions that
regulate transcription. To this end, underlying meth-
ods are introduced to provide the foundation for
understanding the correct use and limitations of each
approach. We focus on the analysis of cis-regulatory
sequences in metazoan genes, with an emphasis on
methods that use models that describe transcription-
factor binding specificity. Methods for the analysis of
regulatory sequences in sets of co-regulated genes will
be addressed elsewhere.We use a case study of the human
skeletal muscle troponin gene TNNC1 to demonstrate
the specific execution of the described methods. A set of
accompanying online exercisesprovides the means for
researchers to independently explore some of the meth-
ods highlighted in this review (see online links box).
Because the field is rapidly changing, emerging classes of
software will be described in anticipation of the creation
of accessible online analysis tools.

Distal TFBS

Proximal TFBS

Transcription
initiation complex Transcription

initiation

CRM

Co-activator complex

Chromatin

Figure 1 | Components of transcriptional regulation. Transcription factors (TFs) bind 
to specific sites (transcription-factor binding sites; TFBS) that are either proximal or 
distal to a transcription start site. Sets of TFs can operate in functional cis-regulatory 
modules (CRMs) to achieve specific regulatory properties. Interactions between bound TFs
and cofactors stabilize the transcription-initiation machinery to enable gene expression. 
The regulation that is conferred by sequence-specific binding TFs is highly dependent on the
three-dimensional structure of chromatin.

Wasserman	  et	  al,	  Nat	  Rev	  Genet,	  2004	  



Cis-‐Regulatory	  Modules	  (CRMs)	  

•  Example	  of	  CRM:	  	  
–  eve	  in	  Drosophila	  melanogaster	  
–  MulCple	  CRMs	  located	  upstream	  and	  downstream	  the	  eve	  gene,	  driving	  its	  

expression	  in	  specific	  stripes	  in	  the	  embryo	  

Howard	  and	  Davidson,	  Dev	  Biol,	  2004	  

eve 

–  Some	  experimentally-‐detected	  CRMs	  are	  annotated	  in	  
databases	  (ORegAnno,	  REDfly,	  Pazar,Transfac),	  along	  with	  their	  
genomic	  coordinates	  (e.g.	  eve_stripe2	  CRM	  is	  located	  on	  chromosome	  2R	  
from	  5865266	  to	  5865750	  in	  the	  Release	  5	  of	  the	  genome	  assembly)	  

Stripe 2 Stripe 3+7 mas 
(autoregulatory element) 

proximal 
promoter 



DetecCng	  CRMs	  :	  principle	  	  

Site prediction 
Threshold= 10-4 

All	  possible	  windows	  
=> Statistical significance of overrepresentation of predicted sites  

CRER	  predicCon	  

•  DetecCon	  of	  regions	  containing	  a	  higher	  density	  of	  predicted	  TFBS	  than	  expected	  by	  chance	  =>	  
Cis-‐Regulatory	  Enriched	  Region	  (CRER)	  

•  Various	  programs	  have	  been	  implemented	  to	  predict	  CRMs	  (Cluster-‐Buster,	  ModuleMiner).	  
•  The	  RSAT	  program	  matrix-‐scan	  supports	  CRM	  predicCon,	  by	  detecCng	  regions	  enriched	  in	  cis-‐

regulatory	  elements	  (CRERs).	  

•  Principle	  
	  The	  program	  (1)	  predicts	  all	  sites	  passing	  a	  threshold	  on	  P-‐value	  for	  each	  of	  the	  input	  matrices,	  and	  (2)	  
detects	  regions	  (windows)	  having	  significantly	  more	  hits	  than	  expected	  by	  chance.	  	  

	  
	  



CRER	  predicCon	  with	  matrix-‐scan	  
•  Main	  features	  

–  DetecCon	  of	  homotypic	  (single	  moCf)	  or	  heterotypic	  (disCnct	  moCfs)	  models.	  	  
–  No	  need	  to	  specify	  somewhat	  arbitrary	  constraints	  like	  the	  number	  of	  desired	  sites	  for	  

each	  TF	  in	  a	  CRM,	  or	  the	  spacing	  between	  individual	  TFBS	  predicCons.	  	  
–  All	  possible	  windows	  are	  tested	  within	  a	  user-‐speficied	  width	  range	  	  

(e.g.	  from	  30	  to	  300).	  
–  The	  enrichment	  is	  esCmated	  by	  using	  the	  binomial	  staCsCcs	  
–  The	  P-‐value	  esCmates	  the	  risk	  of	  error	  when	  considering	  that	  a	  region	  contains	  more	  

matches	  than	  expected	  by	  chance	  
	  

P − value(y) = P(Y >= y) =
n
i
"

#
$
%

&
'Pθ

i=y

n

∑ (1−Pθ)n−i

y  nb of motifs occurences 
Pθ  user-selected threshold on individual site P-value 
n  nb of positions where a site can be predicted 

n =
j=1

m
∑ 2*(L −wi+1)m  nb of PSSMs 

L  size of the window 
w  size of the PSSM 
*2  if search 2 strands 

€ 

sig(y) = −log(Pval(y))

A threshold can be assigned on the 
significance of the CRER (only highly 
significant CRERs are thus returned) 



Cis-‐regulatory	  element	  enriched	  regions	  (CRERs)	  	  
as	  putaCve	  cis-‐regulatory	  modules	  (CRMs)	  

•  Example	  of	  CRER	  detecCon	  	  
•  DetecCon	  	  of	  methionine-‐

responding	  genes	  in	  the	  yeast	  
Saccharomyces	  cerevisiae.	  

•  A:	  matrices	  
–  MET4:	  binding	  moCf	  of	  the	  

complex	  Met4p/Cbf1P/Met28p.	  
–  MET31:	  binding	  moCf	  of	  either	  

Met31p	  or	  Met32p	  (two	  
homologous	  transcripCon	  
factors).	  

•  B:	  	  predicted	  sites	  and	  CRERs	  in	  
upstream	  non-‐coding	  sequences	  
of	  MET	  genes.	  

•  C:	  predicted	  sites	  and	  CRERs	  in	  
random	  selecCons	  of	  yeast	  
genes.	  	  

•  D:	  examples	  of	  sites	  reported	  by	  
matrix-‐scan.	  

Thomas-Chollier, M, Sand O. et al. (2008). RSAT: Regulatory Sequence Analysis Tools Nucleic Acids Research, vol 36, Web Server Issue 



MulC-‐genome	  CRER	  detecCon	  

Thomas-Chollier M, PhD thesis VUB/ULB (2008) 

•  Annotated	  CRMs	  involving	  mulCple	  binding	  sites	  for	  the	  factors	  HoxB1,	  Pbx	  and	  Meis	  

•  =>	  DetecCon	  of	  CRERs	  with	  two	  matrices	  (HoxB1/Pbx	  and	  Prep/Meis)	  in	  the	  intron	  of	  the	  gene	  
HoxA2	  in	  vertebrates	  
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8 PM sites, respectively. To build these PSSMs, the collected TFBSs sequences were given as

input to the program MEME (Bailey and Elkan, 1994) (http://meme.sdsc.edu/meme). The other

programs that were used are from the RSAT suite, like convert-matrix that performed the conver-

sions between matrix formats. By comparing the logos that respectively correspond to the newly

built PM (Figure 6.1 D) and the TRANSFAC Meis (Figure 6.1 F) matrices, we observe that the

regions flanking the 6 positions of the PM motif are uninformative in the TRANSFAC motif. These

six positions are rather similar in both motifs, with a high conservation of the positions 1 and 2.

Contrary to the TRANSFAC motif, the positions 4 and 5 are however not perfectly conserved.

A HoxB1/Pbx (PH)

a | 2 0 13 0 1 0 13 2 0 1 2
c | 0 0 0 0 0 1 0 0 1 0 2
g | 3 13 0 0 7 11 0 0 8 9 8
t | 8 0 0 13 5 1 0 11 4 3 1
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a | 0 0 7 0 6 2
c | 0 0 0 6 0 0
g | 0 8 1 0 1 6
t | 8 0 0 2 1 0
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E Meis M00419

a | 3 5 4 1 0 28 0 32 1 2 2 1
c | 5 4 3 0 0 0 32 0 4 1 1 3
g | 2 1 5 1 32 1 0 0 26 3 2 2
t | 4 4 2 30 0 3 0 0 1 1 3 1

F

Figure 6.1: HoxB1/Pbx and Prep Meis motifs. The PH motif (A,B) describes the binding specificity of the HoxB1/Pbx
heterodimer. The PM (C,D) motif describes the binding specificity of Meis or Prep factors. The Meis motif from TRANSFAC
(E,F) is shown for comparison purposes. A,C,E: The motifs are represented as count matrices. B,D,F The motifs are
represented as sequence logos. Logos B,D were produced by convert-matrix that makes use of the seqlogo program
(Crooks et al., 2004). Logo F is the logo provided by TRANSFAC for the M00419 matrix.

6.4.2 PSSM quality

We evaluated the quality of the two PH and PM matrices, to help determining the threshold value to

use when scanning genomic sequences with these matrices. For this, the theoretical distributions

of weight scores of the two matrices were estimated with matrix-distrib. These distribution of scores

show the expected frequency of each possible score that can be produced by the matrices, for all

possible successions of letters. The PH matrix can produce 363 different scores; the weight range

is quite large from -27.1 to 12.2, with the most frequent weights below 0 (Fig. 6.2 A). On the

contrary, the PM matrix can produce only 123 different scores, spanning from -13.2 to 7.2, with

very variable expected frequencies (Fig. 6.2 B). This observation can be explained by the short

size of the PM motif that spans only 6 positions (Fig. 6.1 D).
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Cross-species predictions with matrix-scan in the HoxA2 
intron.  
Predictions of TFBSs and CRERs in the HoxA2 intron of various 
vertebrate species. The height of each site is proportional to its 
weight score. CRER heights are proportional to their significance 
score. The numbers in the legend correspond to the highest 
weights for PH and PM matrices, and to the highest significance 
for the CRERs. 



Considering	  a	  	  
par6cular	  TF	  

(ex.	  Gcn4	  in	  yeast)	  

Considering	  co-‐bound/	  
co-‐expressed	  sequences	  
(ex.	  clusters	  of	  co-‐expressed	  

genes	  ;	  ChIP	  regions)	  

Where	  are	  the	  TFBS	  ?	  
What	  are	  the	  target	  

genes	  ?	  

Are	  they	  regulated/bound	  	  
by	  a	  common	  transcrip6on	  

factor	  ?	  

PaDern	  matching	  
-‐	  consensus	  sequence	  
-‐	  matrices	  (PWM)	  

Mo6f	  dicovery	  
-‐	  word	  coun6ng	  
-‐	  expecta6on	  maximiza6on	  (EM)	  ;	  Gibbs	  
sampling	  

PaDern	  matching	  vs.	  Mo6f	  discovery	  



Further	  reading…	  

•  Review	  
–  Wasserman	  et	  al.	  Applied	  bioinforma6cs	  for	  the	  iden6fica6on	  of	  regulatory	  elements.	  

Nat	  Rev	  Genet	  (2004)	  vol.	  5	  (4)	  pp.	  276-‐87	  
•  MoCf	  sand	  moCf	  descriptors	  

–  Bucher	  et	  al,	  A	  flexible	  mo6f	  search	  technique	  based	  on	  generalized	  profiles.	  Comput	  
Chem.	  1996	  Mar;20(1):3-‐23	  

•  RSAT	  publicaCons:	  
–  Medina-‐Rivera	  A*,	  Defrance	  M*,	  Sand	  O*	  et	  al,	  RSAT	  2015	  :	  Regulatory	  Sequence	  

Analysis	  Tools.	  Nucleic	  Acids	  Research	  (2015)	  43(W1):W50-‐W56	  
–  Thomas-‐Chollier	  et	  al.	  RSAT	  2011:	  Regulatory	  Sequence	  Analysis	  Tools.	  Nucleic	  Acids	  

Research	  (2011)	  vol.	  36	  Web	  Server	  Issue	  
–  van	  Helden.	  Regulatory	  sequence	  analysis	  tools.	  Nucleic	  Acids	  Res	  (2003)	  vol.	  31	  (13)	  

pp.	  3593-‐6	  

•  RSAT	  protocols:	  
–  Defrance	  et	  al.	  Using	  RSAT	  oligo-‐analysis	  and	  dyad-‐analysis	  tools	  to	  discover	  

regulatory	  signals	  in	  nucleic	  sequences.	  Nature	  Protocols	  (2008)	  vol.	  3	  (10)	  pp.	  
1589-‐1603	  

–  Turatsinze,	  Thomas-‐Chollier	  et	  al.	  Using	  RSAT	  to	  scan	  genome	  sequences	  for	  
transcrip6on	  factor	  binding	  sites	  and	  cis-‐regulatory	  modules.	  Nature	  Protocols	  (2008)	  
vol.	  3	  (10)	  pp.	  1578-‐1588	  

–  Thomas-‐Chollier	  M	  et	  al	  A	  complete	  workflow	  for	  the	  analysis	  of	  full-‐size	  ChIP-‐seq	  (and	  
similar)	  data	  sets	  using	  peak-‐mo6fs,	  Nature	  Protocols	  7,	  1551–1568	  (2012)	  


