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.. functional analysis

Peaks ‘ ?

control

what Is the sequence-determinant for
assoclation with chromatin?



... model for the sequence-specificity of
transcription factors

common sequence
a bunch of sequences

motif
GGCTTCACGGACATGTCCGGGCATGTCT ggcttc ACGGACATGTCCGGGCAGGT
ATGGTGGGGAACATGCCCGGGCATGTCT atggtg GGGAACATGCCCGGGCATGT
ACAAACATGCCCGGGCATGCCCCATG ACAAACATGCCCGGGCAGceeatg
AAACGATAGAACATGCCCGGGCATGTCCAGGG aaacga TAGAACATGCCCGGGCAG¢caggg
ACAAACATGCCCGGGCATGTTCCTGC ACAAACATGCCCGGGCAIGge
TAATGTCAAGACATGCCCGGGCATGTCT MS A taatgt CAAGACATGCCCGGGCAGGT
GAAGGGACATGCCCGGGCATGTCGGAAA gaAGGGACATGCCCGGGCADGaaa
AATGAGCGGGACATGTCCGGACATGTCT aatgag CGGGACATGTCCGGACAGGT
GCATGCCCGGGCATGTTCTTGGAATAACAAC gcatgc CCGGGCATGTTCTTGGAAGaacc
GCATGATAGGACATGTCCGGACATGTTC gcatga TAGGACATGTCCGGACATEGT
TCCTTCATGGACATGCCCGGGCATGTCG tccttc ATGGACATGCCCGGGCAAEST
CCCATCCGGGACATGCCCGGGCATGTT cccatc CGGGACATGCCCGGGCATGT
CTGCCCAAACATGTCCGGGCATGTCCGTGA ctgc CCAAACATGTCCGGGCACG¢giga
ACATGCCCGGGCATGTCTGTAGTTCCCTCTAC acatgc CCGGGCATGTCTGTAGT tctac
AAGTGCGGGGGCATGCCCGGGCATGTCT aagtgc GGGGGCATGCCCGGGCATGT
ACATGCCCGGGCATGCCCAAAATAAGACCATT acatgc CCGGGCATGCCCAAAATaeédatt

TAGGGACGGGACATGCCCGGGCATGTCT taggga CGGGACATGCCCGGGCATGT



... model for the sequence-specificity of
transcription factors

common sequence
motif

ggcttc ACGGACATGTCCGGGCAGIGT
atggtg GGGAACATGCCCGGGCATGT
ACAAACATGCCCGGGCAGceeatg
aaacga TAGAACATGCCCGGGCAdGeaggg
ACAAACATGCCCGGGCAIGge
taatgt CAAGACATGCCCGGGCAGGT
gaAGGGACATGCCCGGGCADGdaa
aatgag CGGGACATGTCCGGACAGIGT
gcatgc CCGGGCATGTTCTTGGAAG#acc
gcatga TAGGACATGTCCGGACATGT
tccttc ATGGACATGCCCGGGCAGYT
cccatc CGGGACATGCCCGGGCATGT
ctgc CCAAACATGTCCGGGCAtGcegiga
acatgc CCGGGCATGTCTGTAGTEtctac
aagtgc GGGGGCATGCCCGGGCATGT
acatgc CCGGGCATGCCCAAAATaedatt
taggga CGGGACATGCCCGGGCATGT



... model for the sequence-specificity of
transcription factors

common sequence
motif

ggcttc ACGGACATGTCCGGGCAGIGT
atggtg GGGAACATGCCCGGGCAGGT
ACAAACATGCCCGGGCAGceeatg
aaacga TAGAACATGCCCGGGCAgGcaggg
ACAAACATGCCCGGGCAIGge
taatgt CAAGACATGCCCGGGCAGIGT
gaAGGGACATGCCCGGGCADGdaa
aatgag CGGGACATGTCCGGACAGGT
gcatgc CCGGGCATGTTCTTGGAAEAacc
gcatga TAGGACATGTCCGGACATGT
tccttc ATGGACATGCCCGGGCAGYT
cccatc CGGGACATGCCCGGGCATGT
ctgc CCAAACATGTCCGGGCATtyiga
acatgc CCGGGCATGTCTGTAGT ttetac
aagtgc GGGGGCATGCCCGGGCATGT
acatgc CCGGGCATGCCCAAAAT aécatt
taggga CGGGACATGCCCGGGCAIGT

=4O 0>



... model for the sequence-specificity of
transcription factors

common sequence
motif

ggcttc ACGGACATGTCCGGGCAGIGT
atggtg GGGAACATGCCCGGGCAGGT
ACAAACATGCCCGGGCAGceeatg
aaacga TAGAACATGCCCGGGCAgGcaggg
ACAAACATGCCCGGGCAIGge
taatgt CAAGACATGCCCGGGCAGIGT
gaAGGGACATGCCCGGGCADGdaa
aatgag CGGGACATGTCCGGACAGGT
gcatgc CCGGGCATGTTCTTGGAAEAacc
gcatga TAGGACATGTCCGGACATGT
tccttc ATGGACATGCCCGGGCAGYT
cccatc CGGGACATGCCCGGGCATGT
ctgc CCAAACATGTCCGGGCATtyiga
acatgc CCGGGCATGTCTGTAGT ttetac
aagtgc GGGGGCATGCCCGGGCATGT
acatgc CCGGGCATGCCCAAAAT aécatt
taggga CGGGACATGCCCGGGCAIGT
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... model for the sequence-specificity of
transcription factors

common sequence
motif

ggcttc ACGGACATGTCCGGGCAGIGT
atggtg GGGAACATGCCCGGGCATGT
ACAAACATGCCCGGGCAG¢eatg
aaacga TAGAACATGCCCGGGCAdGeaggg
ACAAACATGCCCGGGCAIGge
taatgt CAAGACATGCCCGGGCAGGT
gaAGGGACATGCCCGGGCADGdaa
aatgag CGGGACATGTCCGGACAGIGT
gcatgc CCGGGCATGTTCTTGGAAG#acc
gcatga TAGGACATGTCCGGACATGT
tccttc ATGGACATGCCCGGGCAAYT
cccatc CGGGACATGCCCGGGCATGT
ctgc CCAAACATGTCCGGGCAtGcegiga
acatgc CCGGGCATGTCTGTAGTEtctac
aagtgc GGGGGCATGCCCGGGCATGT
acatgc CCGGGCATGCCCAAAAT aecatt
taggga CGGGACATGCCCGGGCATGT

=4O 0>
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... model for the sequence-specificity of

transcription factors

common sequence
motif

ggcttc ACGGACATGTCCGGGCAGIGT
atggtg GGGAACATGCCCGGGCATGT
ACAAACATGCCCGGGCAG¢eatg
aaacga TAGAACATGCCCGGGCAdGeaggg
ACAAACATGCCCGGGCAIGge
taatgt CAAGACATGCCCGGGCAGGT
gaAGGGACATGCCCGGGCADGdaa
aatgag CGGGACATGTCCGGACAGIGT
gcatgc CCGGGCATGTTCTTGGAAGaacc
gcatga TAGGACATGTCCGGACATGT
tccttc ATGGACATGCCCGGGCAAYT
cccatc CGGGACATGCCCGGGCATGT
ctgc CCAAACATGTCCGGGCAtGcegiga
acatgc CCGGGCATGTCTGTAGTEtctac
aagtgc GGGGGCATGCCCGGGCATGT
acatgc CCGGGCATGCCCAAAAT aecatt
taggga CGGGACATGCCCGGGCATGT

=4O 0>
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0
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counts
to multinomial
probabilities

20
0.06
0.12
0.00
0.82

Position Weight Matrix (PWM)



... model for the sequence-specificity of
transcription factors

1 2 20
A 5 3 1
C 8 7 2
G 2 6 0
T 2 1 14
counts
l to multinomial
seqguence probabilities
logo
1 2 20
A 0.29 0.18 0.06
C 047 041 0.12
G 0.12 0.35 0.00
T 0.12 0.06 0.82

Position Weight Matrix (PWM)



... model for the sequence-specificity of
transcription factors

1 2 20
A 5 3 1
C 8 7 2
how sure are we about G 2 6 0
this to be zero? T 2 1 14
counts
l to multinomial
seqguence probabilities
logo
1 20
A 0.29 0.18 0.06
C 047 0.41 g
G
T

0.12 0.35
0.12 0.06 oA

Position Weight Matrix (PWM)




... model for the sequence-specificity of
transcription factors

1 2 20
A 5 3 1
C 8 7 2
how sure are we about G 2 6 0
this to be zero? T 2 1 14
add a pseudocount
counts
l to multinomial
seqguence probabilities
logo
1 20
A 0.29 0.18 0.06
C 0.47 041 °
G
T

0.12 0.35
0.12 0.06 oA

Position Weight Matrix (PWM)




... model for the sequence-specificity of
transcription factors

1 2 20
A 6 4 2
C 9 8 3
G 3 7 1
T 3 2 15
counts
l to multinomial
seqguence probabilities
logo
1 2 20
A 0.29 0.19 0.10
C 0.43 0.38 0.14
G 0.14 0.33 0.05
T 0.14 0.10 0.71

Position Weight Matrix (PWM)
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... model for the sequence-specificity of

transcription factors

Position Weight Matrix (PWM)

1 2
0.29 0.19
0.43 0.38
0.14 0.33
0.14 0.10

20
0.10
0.14
0.05
0.71

to PSSM

Position-Specific Scoring Matrix (PSSM)

P
0.3
0.2
0.2
0.3

1 2
-0.02 -0.20
0.33 0.28
-0.15 0.22
-0.32 -0.50

=400 >

20

-0.50
-0.15
-0.62

0.38

X; >0, if f; >P (favourabeé)
X; <0, if f, <P (unfavourale)



... Shannon uncertainty
= Information content

Shannon uncertainty

A
o H(j) uncertainty of a column of a PSSM H(j)= _Ef' log,(f. )
o Hg uncertainty of the background (e.g. a ’ i=1 oY
genome)

A
Special cases of uncertainty H =N pioe.(p
(for a 4 letter alphabet) " Z,Pr 2.(p)

o min{H)=0
* Mo uncertainty at all: the nudlectide is &) .
completely specified (e.g. p={1.0,0.0%) qu (.” = H_g - H;{J.} R, =

))
o H=1 =1
2

*  Uncertainty between two letters [e.g. p=

A
{0.5.0.0.0.5}) R’ ( ,I _ Ef o f” R -
o maxi{H)} = 2 [Complete uncerfainty) seqlJ | L 2 p. seg
*  Oine bit of information is required to specify the i=1 i
choice between each altermnative (e.g. p=
{0.25,0.25,0.25,0.25}).

*  Two bits are required to specify a letter in a 4-
letter alphabet.

s R

seg
o Schneider (1986) defines an informartion
content hased on Shannon’s uncertainty.

n R*,‘q

o For skewed genomes (i.e. unequal residue
probabilities), Schneider recommends an
altermative formula for the information
content . This is the formula that is nowadays

used.

adapted from van Helden
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... model for the sequence-specificity of
transcription factors

Position Weight Matrix (PWM) Information content
1 2 20 P 1 2 20
0.29 0.19 0.10 0.3 A -0.01-0.04 -0.05
0.43 0.38 0.14 0.2 C 0.14 0.11 -0.02
0.14 0.33 0.05 0.2 G -0.02 0.07 -0.03
0.14 0.10 0.71 0.3 T -0.05-0.05 0.27
f,
=f |n L
to information lj = T In i
10n content
§ HS,C / Z///////// g 1.0
= Ez j o §
QAQ-I’:L‘ w:(« v i E




... Information content  |; of a cell
of the matrix

s For a given cell of the matrix
o I is positive when £, > p,
{1.e. when residue /is more freguent at position j than expected by chance)
o I is negative when f; < p;
a I;tends towards 0 when /', -> 0
s hecause limit o (x bi(x}) = 0

Indor i content Information content
as a function of residue freguenay a5 3 funclion of residue frequenay log soedle)
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adapted from van Helden



... Information content  |; of a column
of the matrix

= For a given column i of the matrix

o The information of the column (7)) is the sum
of information of its cells.
o I;is always positive
a Iis 0 when the frequency of all residues
equal their prior probability {,=p;)
o I is maximal when
» the residue i_ with the lowest prior probability
has a frequency of 1
{all other residues have a frequency of 0)
* and the pseudo-weight is null (£=0).

adapted from van Helden



... Information content  |; of the matrix

= The total information content represents the capability WA
of the matrix to make the distinction between a binding |/, = EE.".J_
site (represented by the matrix) and the background j=1i=1
model.

= The information content also allows to estimate an P( w're.') < o lna
upper limit for the expected frequency of the binding -

sites in random sequences.

adapted from van Helden



.. functional analysis

Peaks ‘ ?

control

what Is the sequence-determinant for
assoclation with chromatin?



motif discovery

a bunch of sequences

GGCTTCACGGACATGTCCGGGCATGTCT
ATGGTGGGGAACATGCCCGGGCATGTCT
ACAAACATGCCCGGGCATGCCCCATG
AAACGATAGAACATGCCCGGGCATGTCCAGGG
ACAAACATGCCCGGGCATGTTCCTGC
TAATGTCAAGACATGCCCGGGCATGTCT
GAAGGGACATGCCCGGGCATGTCGGAAA
AATGAGCGGGACATGTCCGGACATGTCT

MEME

Mul‘tmle Em for Motif Elicitation

ACAT
TATCGTTTCCCACAT
A CACAT
CAAACGATAGACAT
AACAT

A CACAT

A CACAT

GCATGCCCGGGCATGTTCTTGGAATAACAAC CTG i%iAﬁﬁccﬁ$
GCATGATAGGACATGTCCGGACATGTTC G CACAT

TCCTTCATGGACATGCCCGGGCATGTCG
CCCATCCGGGACATGCCCGGGCATGTT
CTGCCCAAACATGTCCGGGCATGTCCGTGA
ACATGCCCGGGCATGTCTGTAGTTCCCTCTAC
AAGTGCGGGGGCATGCCCGGGCATGTCT
ACATGCCCGGGCATGCCCAAAATAAGACCATT
TAGGGACGGGACATGCCCGGGCATGTCT

A CACAT

G CACAT
ACAT

ACA AACAT
A CACAT

G AACAT

G GCCAT

CCC
CCcC
CCcC
CCcC
CCC
CCcC
CCcC

TCC

CCcC
CCcC
CCcC
CCC
CCC
CCC

TCC
TCC

CCcC

CAT
CAT
CAT
CAT
CAT
CAT
ACAT
CAT
CAT
CAT
CAT
CAT
CAT
CAT
ACAT
ACAT
CAT

TCC ATGAAGGATT
TCC CTTC

TCC CGTCCCTAAT
TCC AGGG

TCC CGGATGGGGG
TTC CCCACCATCT
TCC GTGAAGCCTC
TCC GTGACGTGG
TTC CTGCTGTGGA
TCT GTAGTTCCCT
TCT TGACATTAGG
CCC AAAATAAGAC
CCC CCGCACTTAC
CCC CATGTGA
TCC CGCTCATTGG
TCC TATCATGCAG
TTC TTGGAATAAC



the EM appro aCh MultlpleEmfor Motif Elicitation
[Lawrence & Reilly, 1990; Bailey & Elkan, 1993, 1994, 1895]

« EM is a family of algorithms for learning probabilistic
models in problems that involve hidden state

* in our problem, the hidden state is where the motif
starts in each training sequence

!
| —

-Ti—
e

taken from Craven



e p fese ntl N g m OtIfS MultlllleEmfor Motif Elicitation

» amotifis
— assumed to have a fixed width, W

— represented by a matrix of probabilities: Pe,k
represents the probability of character ¢ in column &

* also represent the “background” (i.e. sequence outside
the motif): p., represents the probability of character ¢
in the background

taken from Craven



e p fese ntl N g m OtIfS MultlllleEmfor Motif Elicitation

« example: a motif model of length 3

0 1 2 3

A 0.25 0.1 0.5 0.2

P= C 0.25 0.4 0.2 0.1
G 0.25 0.3 0.1 0.6

T 0.25 0.2 0.2 0.1

i j |1 ]
I T

background motif positions

taken from Craven



. lee“h()od given the "\ Muttiple Em for Motif Elicitation
starting position

j-1 j+W -1 L

P(X, |Z, *“1,’?) H! H! ¢y k- jil I—ng&,(}
k=

k=1 k=j+W
L™ ‘ F %, v PR F
bhefore motif motif after motif

X. isthe ith sequence

i

Zig ; is 1 if motif starts at position j in sequence i

C; is the character at position k in sequence i

taken from Craven



b aS I C E M Multlllle Em for Motif Elicitation

given: length parameter W, training set of sequences
t=0
set initial values for p@

do
——
re-estimate Z® from p®D (E —step)
re-estimate p® from Z® (M-step)

until change in p® < ¢
return: p®, ZO

taken from Craven



. the E-Step: estimating 7 ™\ Multiple Em for Mot Elcitation

» to estimate the starting positions in Z at step ¢

P(X,1Z, =1,p""P(Z, =1
J T L-wal |
Y P(X,1Z,, =1.p"HP(Z,, =1)

k=1

» this comes from Bayes’ rule applied to

P(Z . =11X.p"")

i,j

taken from Craven



. the E-Step: estimating 7 ™\ Mutiple Em for Motif Elicitation

« assume that it is equally likely that the motif will start
In any position

P(X,1Z, = LPH_D)M

L-W+l

Y P(X,1Z,, =1p" B0
k=1

Z(F)

taken from Craven



. the M-step: estimating p

* recall p., represents the probability of character ¢ in
position k ; values for k=0 represent the background

ii‘)

n,,+d,

Multlple Em for Motif Elicitation

Pe. i

fzm k)

total # of ¢'s ’,_,,»-——

in data set

2(?3@ e+ dy )

i

S Sz ke
{;lxﬁjﬁwiimﬁ} -
\ sum over positions
where ¢ appears
- 2 n, k=0
J=1

pseudo-counts

taken from Craven



e MEME
the ZOOPS model ™\ Muttiple Em for Motif Elcitation

» the approach as we've outlined it, assumes that each
sequence has exactly one motif occurrence per
sequence; this is the OOPS model

+ the ZOOPS model assumes zero or one occurrences
per sequence

S
e
— A
-

—

taken from Craven



the E- Step IN ™\ Multiple Em for Motf Elictation
the ZOOPS model

* we need to consider another alternative: the ith
sequence doesn’t contain the motif

 we add another parameter (and its relative)
A = prior probability that any

position in a sequence Is the
start of a motif

y=L-W+DAr prior probability of a

sequence containing a motif

taken from Craven



. t h e E - Ste p I n Multlple Em for Motif Elicitation

the ZOOPS model
P(X,1Z,, =1p" )X

&J L-W+l

P(X, | Q= Ozspifwn)(l = }'(imf)) S 2 P(X, | Z;:,& -1 p(smls)) 20D

k=1

* (J; is a random variable for which Q; = 1 if sequence

X; contains a motif, O, = 0 otherwise

~ == \ 70D
j=1
L
(¢-1) {t 1)
PX,10.=0,p" )= H "

taken from Craven



.. the M-step In

Multlple Em for Motif Elicitation

the ZOOPS model

* update p same as before
* update y as follows:

=(L-W +DA" =

1 n L-Wa4+l

_; Ezm

n

taken from Craven



. |n|t|a||Z|ng MEME ™\ Muttiple Em for Motif Elcitation

EM is susceptible to local maxima, so it's a good idea
to try multiple starting points

insight: motif must be similar to some subsequence in
data set

for every distinct subsequence of length Win the
training set

— derive an initial p matrix from this subsequence
- run EM for 1 iteration

choose motif model (i.e. p matrix) with highest
likelihood

run EM to convergence

taken from Craven



e MEME

. M E M E |S eXp e n S Ive N\ Multiple Em for Motif Elicitation

» we have to iterate over all possible starting positions in each sequence
* we have to adjust the PWM at every step

... MEME Is suitable only for a small
number of sequences!



... String based motif discovery
find over-represented k-mers

adapted from van Helden



... the most frequent k-mers are not
iInformative

= A (too) simple approach would consist in detecting the most frequent
oligonucleotides (for example hexanucleotides) for each group of upstream
sequences.
= [his would however lead to deceiving results.
o Inall the sequence sets, the same kind of patiems are selected: AT-rich

hexanucleotides.

TF1 TF2

amaaas | tttiit 51 asaaan]tbbttt 47
aaaaag|ctttit 13 asaaat]atitittt a7
aagaaa|tttett 14 aatata|tatatt 17
gaaaaa|ttitte 13 aaaatt{aatttt 16
tgceeaa|ttggea 12 aaasataltatttt 15
aaaaat|atttit 12 atttto|gaasaat 13
aaatta|taatit iz asataa]ttatit i3
agaaaa | ttttet 11 aaatat]atattt 13
caagaa|tbtebtg 11 atasaalttitat 12
anacgt |acgttt 11 atatta]taatat 12
aaagaa|tbottt i3 atatat]|atatat iz
acgtge|goacgt 10 tgasaa]ttttea 11
aataat |attatt 10 caaasalttttty 11
aagaag|cttett 10 taaaaa]ttttta 11
atataa|ttatat 10 agatat]atatet 11

adapted from van Helden



... background models

T OWRIEURS JeiRaeRs
¢ intergenic sequences
* set of all upstream sequences for the organism considered

adapted from van Helden



... random expectation - markov model

adapted from van Helden



... random expectation
- background sequences

adapted from van Helden



over-represented k-mers?

TF1 TF2

adapted from van Helden



scoring over-representation

adapted from van Helden



scoring over-representation
— the binomial test

adapted from van Helden



6-mer analysis of TF1

adapted from van Helden



6-mer analysis of TF2

adapted from van Helden



over-represented motifs?

6-mers spaced pairs of trinucleotides

adapted from van Helden



over-represented motifs?

adapted from van Helden



... DNA binding of transcription factors

direct binding ‘ DNA

indirect binding L DNA



