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What is a DN A Motif?

“* DNA motifs are short, recurring patterns that are presumed to
have a biological function.

e Asregulatory motifs may vary at some positions

e Every plant cell keeps track of day and night independently
of other cells

e e.g. three plant genes, called LCY, CCA1, and TOC1, are
the clock’s master timekeepers

e Such regulatory genes, and the regulatory proteins that
they encode, are often controlled by external factors (e.g.,
nutrient availability or sunlight) in order to allow
organisms to adjust their gene expression
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Regulatory Regions

R Every gene contains a regulatory region (RR) typically stretching 100-1000
bp upstream of the transcriptional start site

R Located within the RR are the Transcription Factor Binding Sites (TFBS),
also known as motifs, specific for a given transcription factor

&R A TFBS can be located anywhere within the Regulatory Region.
«® TFBS may vary slightly across different regulatory regions
R Regulatory protein (TF) binds to TFBS

® So finding the same motif in multiple genes’ regulatory regions suggests a
regulatory relationship amongst those genes
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Motifs and Transcriptional Start Sites

ATCCCG gene
TTCCGG gene

ATCCC gene

ATGCCG gene
ATGCCC gene

Introduction to Computational Biology Somayyeh Koohi



National University
of Singapore

Identifying Motifs: Complications

R We do not know the motif sequence

xR We do not know where it is located relative to the
genes start

R Motifs can differ slightly from one gene to the next

R How to discern it from “random” motifs?
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Two Methods

Pattern Matching Pattern Discovery
Finding known motifs Finding unknown motifs
e Does protein X bind upstream e What motifs are upstream of
of my genes? my genes?

e.g. Patser, Pscan, Mast.. e.g. MEME, Weeder, MDScan ...
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Motif Finding Problem

R Suppose a transcription factor (TF) controls five
different genes

R Each of the five genes should have binding sites for
TF in their promoter region

. T I Gene 1
— [ ] Gene 2

- e Gene 3

/ /= mmm Gened
_-T/ / B Gene 5

W Binding sites for TF

Introduction to Computational Biology Somayyeh Koohi



National University
- of Singapore

Motif Finding Problem

@ Now suppose we are given the promoter regions of
i veraoc GITE N ES

R Can we find the binding sites of TF, without
knowing about them a priori ?

3 Binding sites are similar to each other, but not necessarily
identical

R This is the motif finding problem

R To find a motif that represents binding sites of an
unknown TF
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Identitying Motits: Complications

R We do not know the motif sequence
3 May know its length

R We do not know where it is located relative to the
genes start

R Motifs can differ slightly from one gene to the next
3 Non-essential bases could mutate...

R How to discern functional motifs from random ones?
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Random Sample

atgaccgggatactgataccgtatttggcctaggcgtacacattagataaacgtatgaagtacgttagactcggcgccgecg
acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaatactgggcataaggtaca
tgagtatccctgggatgacttttgggaacactatagtgctctcccgatttttgaatatgtaggatcattcgccagggtccga
gctgagaattggatgaccttgtaagtgttttccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga
tcccttttgcggtaatgtgccgggaggetggttacgtagggaagccctaacggacttaatggcccacttagtccacttatag
gtcaatcatgttcttgtgaatggatttttaactgagggcatagaccgcttggcgcacccaaattcagtgtgggcgagcgcaa
cggttttggcccttgttagaggcccccgtactgatggaaactttcaattatgagagagctaatctatcgegtgegtgttcat
aacttgagttggtttcgaaaatgctctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta
ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcatttcaacgtatgccgaaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttctgggtactgatagca
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Implanting Motit AAAAAAAGGGGGGG

atgaccgggatactgat ggcgtacacattagataaacgtatgaagtacgttagactcggcgccgecg

acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaata

d

tgagtatccctgggatgactt tgctctcccgatttttgaatatgtaggatcattcgccagggtccga

gctgagaattggatg tccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga

tcccttttgcggtaatgtgccgggaggctggttacgtagggaagccctaacggacttaat

cttatag

gtcaatcatgttcttgtgaatggattt gaccgcttggcgcacccaaattcagtgtgggcgagcgcaa

cggttttggcccttgttagaggcccccgt caattatgagagagctaatctatcgcgtgcgtgttcat

aacttgagtt ctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta

ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgceat

accgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagctt

a
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~ Where is the Implanted
Motit?

atgaccgggatactgataaaaaaaagggggggggcgtacacattagataaacgtatgaagtacgttagactcggcgccgecg
acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaataaaaaaaaaggggggga
tgagtatccctgggatgacttaaaaaaaagggggggtgctctcccgatttttgaatatgtaggatcattcgccagggtccga
gctgagaattggatgaaaaaaaagggggggtccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga
tcccttttgcggtaatgtgccgggaggetggttacgtagggaagccctaacggacttaataaaaaaaagggggggcttatag
gtcaatcatgttcttgtgaatggatttaaaaaaaaggggggggaccgcttggcgcacccaaattcagtgtgggcgagcgcaa
cggttttggcccttgttagaggcccccgtaaaaaaaagggggggcaattatgagagagctaatctatcgegtgegtgttcat
aacttgagttaaaaaaaagggggggctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta
ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcataaaaaaaagggggggaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttaaaaaaaaggggggga
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Implanting Motif AAAAAAGGGGGGG
with Four Mutations

atgaccgggatactgatjrgAAg ttGGGggcgtacacattagataaacgtatgaagtacgttagactcggcgecgecg

acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaatacAAt CGGCGGGa

tgagtatccctgggatgactt tAAtGGaGtGdtgctctcccgatttttgaatatgtaggatcattcgccagggtccga

gctgagaattggatgc attdtccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga

tcccttttgcggtaatgtgccgggaggctggttacgtagggaagccctaacggacttaatjatAat aaGGdcttatag

gtcaatcatgttcttgtgaatggatttpAcAat ctGdgaccgcttggcgcacccaaattcagtgtgggcgagegcaa

cggttttggcccttgttagaggcccccgtAtArAc aGGGgcaattatgagagagctaatctatcgcgtgcgtgttcat

aacttgagtt t aGcdctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta

ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcatjict aGcGdaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttiict aGecGGa
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Where is the Motif???

atgaccgggatactgatagaagaaaggttgggggcgtacacattagataaacgtatgaagtacgttagactcggcgccgecg
acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaatacaataaaacggcggga
tgagtatccctgggatgacttaaaataatggagtggtgctctcccgatttttgaatatgtaggatcattcgccagggtccga
gctgagaattggatgcaaaaaaagggattgtccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga
tcccttttgcggtaatgtgccgggaggetggttacgtagggaagccctaacggacttaatataataaaggaagggcttatag
gtcaatcatgttcttgtgaatggatttaacaataagggctgggaccgcttggcgcacccaaattcagtgtgggcgagcgcaa
cggttttggcccttgttagaggcccccgtataaacaaggagggccaattatgagagagctaatctatcgegtgegtgttcat
aacttgagttaaaaaatagggagccctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta
ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcatactaaaaaggagcggaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttactaaaaaggagcgga

Introduction to Computational Biology Somayyeh Koohi
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Why Finding (15,4) Motif is Difficult?

atgaccgggatactgatj\g Q ttGGGggcgtacacattagataaacgtatgaagtacgttagactcggcgecgecg

t / C a

acccctattttttgagcagaté\fgtgacctggaaaaaaaatttgagtacaaaacttttccgaatac

tgagtatccctgggatgactt \\t tGGaGtGdtgctctcccgatttttgaatatgtaggatcattcggcagggtccga
\

gctgagaattggat%c \att tccacgcaatcgcgaaccaacgcggacccaaaggcaa

g

cgataaaggaga

tcccttttgcggtaatgtgccgggadﬁftggttacgtagggaagccctaacggacttaat t t//' aaGGdcttatag

gtcaatcatgttcttgtgaatggattt\\c i ctGdgaccgettggegcacccaaatyfagtgtgggcgagegeaa
cggttttggcccttgttagaggcccccg% tAAAC aGGGdcaattatgagagagctadtctatcgcgtgegtgttcat
aacttgagtt 3 aGcdctgggycacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta
ttggcccattggctaaaagcccaacttgaca atggaagatagaatccttgcat‘ff aGcGdaccgaaagggaag
ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagettict aGcGda
e ey
C t C (€
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Challenge Problem

©3 Find a motif in a sample of
- 20 “random” sequences (e.g. 600 nt long)

- each sequence containing an implanted pattern of length
15

- each pattern appearing with 4 mismatches as (15,4)-
motif.

Introduction to Computational Biology Somayyeh Koohi
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A Motif Finding Analogy

RThe Motif Finding Problem is similar to the
problem posed by Edgar Allan Poe (1809 - 1849)
in his Gold Bug story

Introduction to Computational Biology Somayyeh Koohi
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The Gold Bug Problem

«rGiven a secret message:

53++1305))-625;482 64+ ) 4-+) 806X+ 48 L3 ~60)) 855 [-8* + £XG L83 (B:8) 5+ 1
e e S e S R o B B e Bt e o e Ro i o ke RS i S et e R SR R e e s s
P JolA o e o e 2 G O @) B G OF e i il S RO TR ) [ S S P oY s ) 24t 5 o D W 0754 @ I | i A e K OU SR o i e
A AR B P G o S e R e

RDecipher the message encrypted in the
fragment

Introduction to Computational Biology Somayyeh Koohi
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Hints for The Gold Bug
Problem

R Additional hints:

3 The encrypted message is in English

3 Each symbol correspond to one letter in the English
alphabet

©3 No punctuation marks are encoded

Introduction to Computational Biology Somayyeh Koohi
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The Gold Bug Problem: Symbol Counts

R Naive approach to solving the problem:

3 Count the frequency of each symbol in the
encrypted message

3 Find the frequency of each letter in the alphabet
in the English language

3 Compare the frequencies of the previous steps,
try to find a correlation and map the symbols to a
letter in the alphabet

Introduction to Computational Biology Somayyeh Koohi
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Symbol Frequencies in the Gold Bug Message

RGold Bug Message:

Symileelt e AL e s e e e e e

Frequency 3412650 S 190 =16 =T 6 e = A 2= R O = B =l 6 5 o T e B R S

REnglish Language:
etaoinsrhldcumfpgwybvkxjqgz

Most frequent ‘Least frequent
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The Gold Bug Message Decoding: First Attempt

R By simply mapping the most frequent symbols to the
most frequent letters of the alphabet:

sfiilfcsoorntaeurocaikoaiotecrntaeleyrcooestvenpinelefheeosnlt
arhteenmrnwteonihtaesotsnlupnihtamsrnuhsnbaoceyentacrmuesotorl

eocalitdhimtaecedtepeidtaelestacaeslsueecrnedhimtaetheetahiwfa

taeocaitdrdtpdeetiwt

R The result does not make sense

Introduction to Computational Biology Somayyeh Koohi
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The Gold Bug Problem: I-tuple count

R A better approach:

3 Examine frequencies of [-tuples, combinations of 2
symbols, 3 symbols, etc.

3 “The” is the most frequent 3-tuple in English and
“,48” is the most frequent 3-tuple in the encrypted
text

3 Make inferences of unknown symbols by
examining other frequent I-tuples

Introduction to Computational Biology Somayyeh Koohi
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The Gold Bug Problem: the ;48 clue

R Mapping “the” to “;48” and substituting all
occurrences of the symbols:

534++!'305))6*the26)h+.)h+) tefo6*the!e 60))ebt]e*:+*elel3 (ee)b

L= e
heilEc e A6 N2 c it CEhic Seh o nia L O Big A 2N (b A e sl (60100 5 e
ble
)h++tl (+9thelelte:e+lthe!eb5th)heb5!52ee06*el (+9thet (eeth (+7
Eine

he)h+tlolt:leet+?t

Introduction to Computational Biology Somayyeh Koohi
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The Gold Bug Message Decoding: Second Attempt

R Make inferences:

53++1305))6*the26)h+.)h+) te06*the!e 60) )ebt]e*:+*ele3 (ee)5* !t
O e e R s =) s o B B 0] B s = D Ll O] S vy o I P A e = e S e B L D 07 SR O el b i G 1)
yh++tl (+9thelelte:e+lthe!ebth)he5!52ee06*el (+9thet (eeth (+?3ht
heb-EeiherErecf=f2F

R “thet(ee” most likely means “the tree”
{_7)

@lnfer = = r

® “th(+?3h” becomes “thr+?3h”
©3Can we guess “+” and “?"77?

Introduction to Computational Biology Somayyeh Koohi 25
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The Gold Bug Problem: The Solution

R After figuring out all the mappings, the final
message 1s:

AGOODGLASSINTHEBISHOPSHOSTELINTHEDEVILSSEATWENYONEDEGRE

ESANDTHIRTEENMINUTESNORTHEASTANDBYNORTHMAINBRANCHSEVENT
HLIMBEASTSIDESHOOTFROMTHELEFTEYEOFTHEDEATHSHEADABEELINE

R OMIE R AR B AL O THE [BATIRIE ST SION I S T s, o TR ONEE

Introduction to Computational Biology Somayyeh Koohi
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The Solution conrq

R Punctuation is important:

L COOBEGIEE Sios NN =R ES @R ESE G S s RN e D AR e SHi s
TWENY ONE DEGREES AND THIRTEEN MINUTES NORTHEAST AND BY

NORTH,

MAIN BRANCH SEVENTH LIMB, EAST SIDE, SHOOT FROM THE LEFT
EYE OF

THE DEATH’S HEAD A BEE LINE FROM THE TREE THROQUGH THE
SHOT,

o e S @

Introduction to Computational Biology Somayyeh Koohi
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Solving the Gold Bug Problem

R Prerequisites to solve the problem:

3 Need to know the relative frequencies of single letters, and
combinations of two and three letters in English

3 Knowledge of all the words in the English dictionary is
highly desired to make accurate inferences

Introduction to Computational Biology Somayyeh Koohi
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Motit Finding and The Gold Bug Problem: Similarities

3 Nucleotides in motifs encode for a message in the
“genetic” language. Symbols in “The Gold Bug” encode
for a message in English

3 In order to solve the problem, we analyze the frequencies
of patterns in DNA /Gold Bug message.

3 Knowledge of established regulatory motifs makes the
Motif Finding problem simpler.

R Knowledge of the words in the English dictionary helps to
solve the Gold Bug problem.
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B2 &

ﬂ National University
- of Singapore

Slmllarltles (cont’d)

R Motif Finding:
@3 In order to solve the problem, we analyze the

frequencies of patterns in the nucleotide
sequences

&R Gold Bug Problem:

3 In order to solve the problem, we analyze the
frequencies of patterns in the text written in

English

Introduction to Computational Biology Somayyeh Koohi
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Slmllarltles (cont’d)

R Motif Finding;
3 Knowledge of established motifs reduces the
complexity of the problem

R Gold Bug Problem:
3 Knowledge of the words in the dictionary is

highly desirable

Introduction to Computational Biology Somayyeh Koohi
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Motif Finding and The Gold Bug Problem: Differences

Motif Finding is harder than Gold Bug problem:

©3We don’t have the complete dictionary of
motifs

3 The “genetic” language does not have a
standard “grammar”

©30nly a small fraction of nucleotide
sequences encode for motifs; the size of data
1S enormous

Introduction to Computational Biology Somayyeh Koohi
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The Motif Finding Problem

BINUS

R Given a random sample of DNA sequences:

cctgatagacgctatctggctatccacgtacgtaggtcctctgtgcgaatctatgecgtttccaaccat
agtactggtgtacatttgatacgtacgtacaccggcaacctgaaacaaacgctcagaaccagaagtgc
aaacgtacgtgcaccctctttcttcgtggctctggccaacgagggctgatgtataagacgaaaatttt
agcctccgatgtaagtcatagctgtaactattacctgccacccctattacatcttacgtacgtataca

ctgttatacaacgcgtcatggcggggtatgcgttttggtcgtcgtacgctcgatcgttaacgtacgtc

R Find the pattern that is implanted in each of the
individual sequences, namely, the motif

Introduction to Computational Biology Somayyeh Koohi

38



National University
of Singapore

The Motif Finding Problem

(cont’d)

RAdditional information:
@38 The hidden sequence is of length 8

@3 The pattern is not exactly the same in each array because
random point mutations may occur in the sequences

Introduction to Computational Biology Somayyeh Koohi
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The Motif Finding Problem

(cont’d)

B2 &

R The patterns revealed with no mutations:

cctgatagacgctatctggctatcracgtacgtaggtcctctgtgcgaatctatgecgtttccaaccat

agtactggtgtacatttgatacgtacgtdcakcggcaacctgaaacaaacgctcagaaccagaagtgc

adacgtacgtdcaccctctttcttcygtggctcdtggccaacgagggctgatgtataagacgaaaatttt

agcctccgatgfaagtcatagctgtaactattdcctgccacccctattacatctracgtacgtataca

ctgttatacaacgcgtsatggcggggtatgcgtittggtcgtcgtacgctegatcgttpacgtacgte

Consensus String

Introduction to Computational Biology Somayyeh Koohi
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The Motif Finding Problem

(cont’d)

R The patterns with 2 point mutations:

cctgatagacgctatctggctatccaGgtacTtaggtcctctgtgcgaatctatgecgtttccaaccat
agtactggtgtacatttgatCcAtacgtacaccggcaacctgaaacaaacgctcagaaccagaagtgc
aaacgtTAgtgcaccctctttcttcgtggctctggccaacgagggctgatgtataagacgaaaatttt
agcctccgatgtaagtcatagctgtaactattacctgccacccctattacatcttacgtCcAtataca

ctgttatacaacgcgtcatggcggggtatgcgttttggtcgtcgtacgctcgatcgttaccgtacgGe

Introduction to Computational Biology Somayyeh Koohi
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"The Motif Finding Problem

(cont’d)

R The patterns with 2 point mutations:

cctgatagacgctatctggctatccaGgtacTtaggtcctctgtgcgaatctatgecgtttccaaccat
agtactggtgtacatttgatCcAtacgtacaccggcaacctgaaacaaacgctcagaaccagaagtgc
aaacgtTAgtgcaccctctttcttcgtggctctggccaacgagggctgatgtataagacgaaaatttt
agcctccgatgtaagtcatagctgtaactattacctgccacccctattacatcttacgtCcAtataca

ctgttatacaacgcgtcatggcggggtatgcgttttggtcgtcgtacgctcgatcgttaccgtacgGe

Can we still find the motif, now that we have 2 mutations?

Introduction to Computational Biology Somayyeh Koohi
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Detining Motifs

R To define a motif, lets say we know where the motif starts in the
sequence

R The motif start positions in their sequences can be represented as s
= (51,55/53/ - -/5¢)

motif start index

gene start
d
S e .
S2 o =1
S5 -—
* e =
St e L

Introduction to Computational Biology Somayyeh Koohi

43



National University
of Singapore

Motifs: Profiles and Consensus

aGgtacTt R Line up the patterns by their
CcAtacaqgt :
Alignment acgtTAgt Slainaecc
A COtEeAE
Ccgtacgg 8 = (S, 55, ---s 5¢)
A- 3= 03 | |0 R Construct matrix profile with
Profile C (2) ‘{ 2 g % g g g frequencies of each nucleotide in
G
T 00051014 ol

R Consensus nucleotide in each
position has the highest score in
column

consensus ACGTACGT

Introduction to Computational Biology Somayyeh Koohi 44
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Consensus

R Think of consensus as an “ancestor” motif, from
which mutated motifs emerged

R The distance between a real motif and the consensus
sequence is generally less than that for two real
motifs

Introduction to Computational Biology Somayyeh Koohi
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Consensus (contd

d =4
ClceTAFACK] AlGleTACAC
d =6 ACGTACACT d =3
/:3 \
AGICITCICACT ATIGTACAR|T
d =4

Introduction to Computational Biology Somayyeh Koohi 46
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Evaluating Motifs

@ We have a guess about the consensus sequence, but
how “good” is this consensus?

R Need to introduce a scoring function to compare
different guesses and choose the “best” one.

Introduction to Computational Biology Somayyeh Koohi 47
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Detining Some Terms

&Rt - number of sample DNA sequences
xR n - length of each DNA sequence
R DNA - sample of DNA sequences (f x n array)

R [ - length of the motif (Fmer)
R s; - starting position of an Fmer in sequence i

R 8=(S4, 5,,... 5;) - array of motif’s starting
positions

Introduction to Computational Biology Somayyeh Koohi
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S

Parameters

cetgaagacgetatectggetattccatgtacltaggbecbctgtgegeatctatgegiEttcecaaceat

agtactggtgtacatttgatCecAtacgtacdccggcaacctgaaacaaacgctcagaaccagaagtgce
aaacgtTAgtgcaccctctitcttegfggctectggccaacgagggctgatgtataagacgaaaatttt

agcctccgatytaagtcatjaggtgtaactattacctgeccaccectattacatcttacgtCcAtataca

CIEQITC CE CACARCOCO/ T CRILOCCO/CCQta LECE/i L LitCCtCeLCCtaCCCECERIET

tachtachc

=
n =69

5]:26 52:2] 53:3 54:56 55:60
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Scoring Motifs

xGiven s = (s;, ... s5,) and DNA:

Score(s,DNA) =" max count(k,i

i=1 ke{AT,C,G}

HGaOQPp

Consensus

Score

Introduction to Computational Biology Somayyeh Koohi
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The Motif Finding Problem

R If starting positions s=(s;, s,,... 5,) are given, finding
consensus is easy even with mutations in the
sequences because we can simply construct the
profile to find the motif (consensus)

R But... the starting positions s are usually not given.
How can we find the “best” profile matrix?

Introduction to Computational Biology Somayyeh Koohi Bt
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The Motif Finding Problem: Formulation

R Goal: Given a set of DNA sequences, find a set of
Fmers, one from each sequence, that maximizes
the consensus score

R Input: A £ x n matrix of DNA, and /, the length of
the pattern to find

R Qutput: An array of t starting positions
s = (S5, Sy, ... S;) maximizing Score(s,DNA)

Introduction to Computational Biology Somayyeh Koohi
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FATATEGTIEEATTFECATGACTTICATGTCCCATGIATTGETARTTEAN
CACATGTCTCATGTACTGGACCATGTCTAAGGGGTGTAAGGGTACTA
AREGERETECEIAGERATEGECCLGRECETEGECERAGTLCETRANCGEAEEETEER
CATBCAIG CCEIEINC AT B G AGUC NG AT A GIEACIC R A IO IO A
ACCAINGINCINCALCLING TUGCEEE ST GCCINCC ACE TR CGHGCCUEE AL
GTCGACTCGCATGTCTGTCAGTATTATCCAAAGCATGTCGACCTCTT
G IRCRCCCANCEERAEICTHECARIIECEE CCTCETEATCICE
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Information Theory

e Information theory is a branch of applied mathematics
involved with the quantification of information

e It has been applied to DNA motifs in order to determine
the amount of uncertainly at each position in a site

e Uncertainly is measured in bits of information, which is on a
log?2 scale.

e Information is a decrease in uncertainty

Introduction to Computational Biology Somayyeh Koohi
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Information Theory

e 1 base occurs every time - 2 bits

e 2 bases occur 50% of time - 1bit

e 4 bases occur equally - 0 bits

Entropy is a measure of the uncertainty of a probability distribution

N
H(py...,pN) = — £ pi-log, (pi)-
=

1 =2+ 0.5 x%10g»(0.5) + 0.5 X log»(0.5)
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Motit Logo

R The five motifs in five different
genes have mutations in
position 3 and 5

R Representations called motif
logos illustrate the conserved
and variable regions of a motif

Introduction to Computational Biology Somayyeh Koohi
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Motit Logos: An Example

Introduction to Computational Biology

98765432101 23456789

oo bdhWNE

$Qh§m7qmwowwwemwhwa
12 Lambda cI and cro binding sites

(http://www-lmmb.ncifcrf.gov/~toms/sequencelogo.html)
Somayyeh Koohi
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e A pos1t10n weight matrix (PWM)

The Matrix

also called position-specific weight matrix (PSWM)

« also called position-frequency matrix (PFM)

« also called position-specific scoring matrix (PSSM)

* or just matrix

e There is a matrix element for all possible bases at every position.

9

1

2

3

4

5

6

7

8

10 11

c 4, 1, 2] 0] 0] 0] 0] 0] 0] 10
T|7) 11115 0] 18| 18| 18| 0| 13| 9
Introduction to Computational Biology Somayyeh Koohi
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Counts

Pattern Matching
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0.0
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0.2

0.2

= D)0 >

0.4

0.1

0.6

0.8

0.0

1.0

1.0

1.0

0.0

0.7

0.5

Introduction to Computational Biology

Somayyeh Koohi




Sequence Logos

e A visual representation of the Al4113] 51 31 01010 0[1710 |6
motif Cla 0 0 0
G| 3 o| ol18/0] 0| o] 1 3

e Each column of the matrix is T| 7 11| 15| 0]18|18| 18/ 0 |13 |9

represented as a stack of
letters whose size is
proportional to the
corresponding residue

frequency
e The total height of each ra e e en~oo o,
column is proportional to its 18 sites

information content.
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Outline

® What is Motif

@ Motif finding problem

R Implanting Patterns in Random Text

&R The Gold Bug Problem

&® The Motif Finding Problem

R Brute Force Motif Finding

® The Median String Problem

® Search Trees

® Branch-and-Bound Motif Search

&R Branch-and-Bound Median String Search

Introduction to Computational Biology Somayyeh Koohi
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The Motit Finding Problem: Brute Force Solution

@3 Compute the scores for each possible combination of
starting positions s

@3 The best score will determine the best profile and the
consensus pattern in DNA

@38 The goal is to maximize Score(s,DNA) by varying the
starting positions s;, where:

s =1l 1]

/

= L5 5

Introduction to Computational Biology Somayyeh Koohi 63
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BruteForceMotifSearch

BruteForceMotifSearch(DNA, t, n, )

bestScore < 0O

o cachs=—(s st s itk = =)
to (n-4+1, ..

el i

A1)
if (Score(s,DNA) > bestScore)
bestScore < score(s, DNA)
bestMotif < (s,,5,, ..., s)
return bestMotif

B bl d it

Introduction to Computational Biology Somayyeh Koohi
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Running Time of BruteForceMotifSearch

R Varying (n - [+ 1) positions in each of  sequences,
we're looking at (n - [+ 1) sets of starting positions

R For each set of starting positions, the scoring
function makes foperations, so complexity is

[(n-[{+1)=0((n)

&R That means that for t =8, n = 1000, /= 10 we must
perform approximately 10 computations - it will
take billions years
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Outline

® What is Motif

@ Motif finding problem

R Implanting Patterns in Random Text

&R The Gold Bug Problem

&® The Motif Finding Problem

R Brute Force Motif Finding

@ The Median String Problem

R Search Trees

&® Branch-and-Bound Motif Search

&R Branch-and-Bound Median String Search

Introduction to Computational Biology Somayyeh Koohi
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The Median String Problem

R Given a set of t DNA sequences find a pattern that
appears in all £ sequences with the minimum
number of mutations

R This pattern will be the motif

Introduction to Computational Biology Somayyeh Koohi
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Hamming Distance

@ Hamming distance:

®3d (v, w) is the number of nucleotide
pairs that do not match when v and w
are aligned. For example:

d (AAAAAA,ACAAAC) = 2

Introduction to Computational Biology Somayyeh Koohi
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Total Distance: An Example

R Given v = “acgtacgt” and s

g =0 ==

acgtacgti
cctgatagacgctatctggctatccacgtacgtéggtcctctgtgcgaatctatgcgtttccaaccat

dy(v, X) =0 “->.acgtacgt'
agtactggtgtacatttgatacgtacgtacaccggcaacctgaaacaaacgctcagaaccagaagtgc

______________

______________

6 (v x) = 0 dy(v, X) = \,'acgtacgt'
agcctccgatgtaagtcatagctgtaactattacctgccacccctattacatcttacgtacgtataca

dy(v, X) = 0 ReGEacyE
ctgttatacaacgcgtcatggcggggtatgcgttttggtcgtcgtacgctcgatcgttaacgtacgﬁc

Vv is the sequence in red, x is the sequence in blue

R TotalDistance(v,DNA) = 0

Introduction to Computational Biology Somayyeh Koohi 69
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Total Distance: Example

R Given v = “acgtacgt” and s
dy(v, X) =1

acgtadqgt)
cctgatagacgctatctggctatcctacgta%aggtcctctgtgcgaatctatgcgtttccaaccat

dy(v, X) =0 ‘\~\,'acgtacgtu
agtactggtgtacatttgatacgtacgtacaccggcaacctgaaacaaacgctcagaaccagaagtgc

______________

(V X)— (V X)_ .acgtacgt'
A agcctccgatgtaagtcatagctgtaactattacctgccacccctattacatct acgtacgtataca

dg = ':;é'cﬁ“c V&
ctgttatacaacgcgtcatggcggggtatgcgttttggtcgtcgtacgctcgatcgttaacgt gtic

Vv is the sequence in red, x is the sequence in blue

R TotalDistance(v,DNA) = 1+0+2+0+1 =4
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Total Distance: Definition

@3 For each DNA sequence i, compute all d;,(v, x), where x is an £
mer with starting position s;

(=<s.<n-—[F1)
@3 Find minimum of dy(v, x) among all fmers in sequence i

@8 TotalDistance(v,DNA) is the sum of the minimum Hamming
distances for each DNA sequence i

@3 TotalDistance(v,DNA) = min, dy(v, s), where s is the set of
starting positions s, s,,... s,

Introduction to Computational Biology Somayyeh Koohi £l



'9 NUS
\ (=2

ﬂ National University
- of Singapore

The Median String Problem: Formulation

R Goal: Given a set of DNA sequences, find a median
string

R Input: A £ x n matrix DNA, and [ the length of the
pattern to find

R Qutput: A string v of [nucleotides that minimizes
TotalDistance(v,DNA) over all strings of that length

Introduction to Computational Biology Somayyeh Koohi 72
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Median String Search Algorithm

MedianStringSearch (DNA, £, n, )

1. bestWord €< AAA.. A
2.  bestDistance €

5 for each fmer s from AAA...Ato TTT...T if
TotalDistance(s,DNA) < bestDistance

4. bestDistance < TotalDistance(s,DNA)
5. bestWord < s
6. return bestWord

Introduction to Computational Biology Somayyeh Koohi
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Motif Finding: BruteForceMotifSearch

Recall the BruteForceMotifSearch:

BruteForceMotifSearch(DNA, t, n, {)
bestScore < 0
for each s=(s;,s,, ..., s)from1,]1 ... 1)to(n-1, ... n-+1)
if (Score(s,DNA) > bestScore)
bestScore & Score(s, DNA)
bestMotif < (s,,s,, ..., s)
return bestMotif

i S I NG s

Introduction to Computational Biology Somayyeh Koohi
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Motif Finding Problem == Median String Problem

R The Motif Finding is a maximization problem
while Median String is a minimization problem

R However, the Motif Finding problem and Median
String problem are computationally equivalent

R Need to show that minimizing TotalDistance is
equivalent to maximizing Score

Introduction to Computational Biology Somayyeh Koohi 75
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We are looking for the same thing

[
A

= =)

arGrgrtza— ot

Ce A trac gt

Alignment a-c.g t T A g €
a-e gt iCreATE
Cre=gut=a~ongrG

Lk ohesl bR o e

Profile 24050 400
G~ 01402003 -1

s e OO0 B Ut S5 e O B

Eem= TS accagitrascag ot
Score 3+4+4+5+3+4+3+4

TotalDistance 2+1+1+4+0+2+1+2+1

Sum 52552 5=5-55"5

Introduction to Computational Biology

R At any columni
Score, + TotalDistance, = t

R Because there are fcolumns
Score + TotalDistance = [ * t

&R Rearranging:
Score= [ *t - TotalDistance

R [* tis constant the minimization
of the right side is equivalent to
the maximization of the left side

Somayyeh Koohi 76



Motif Finding Problem vs.
Median String Problem

R Why bother reformulating the Motif Finding problem
into the Median String problem?

3 The Motif Finding Problem needs to examine all
the combinations for s. That is (n - [+ 1)*
combinations!!! 2 runtime: (n- [+ 1)" [ ¢

3 The Median String Problem needs to examine all 4¢
combinations for v. This number is relatively
smaller 2 runtime: 4/ n t

Introduction to Computational Biology Somayyeh Koohi
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Outline

4

® What is Motif

@ Motif finding problem

R Implanting Patterns in Random Text

&R The Gold Bug Problem

&® The Motif Finding Problem

R Brute Force Motif Finding

® The Median String Problem

R Search Trees

® Branch-and-Bound Motif Search

&R Branch-and-Bound Median String Search

Introduction to Computational Biology Somayyeh Koohi

78



National University
of Singapore

Structuring the Search

R How can we perform the line

for each s=(s,,s,,..., s)
from G = =Pt e

@ We need a method for efficiently structuring and
navigating the many possible motifs

R This is not very different than exploring all ¢-digit
numbers

Introduction to Computational Biology Somayyeh Koohi
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Structuring the Search

3 For the Median String Problem we need to consider all 4¢

possible Fmers: [
K—H
aa... aa
aa... ac
aa... ag
aa... at
i i

How to organize this search?

Introduction to Computational Biology Somayyeh Koohi



National University
of Singapore

Alternative Representation of the Search Space

R LetA=1,C=2,G=3,T=4
R Then the sequences from AA...A to TT...T become:

[

K_H

Eel-msl
el
SEisie
el

4444

R Notice that the sequences above simply list all numbers as if
we were counting on base 4 without using 0 as a digit

Introduction to Computational Biology Somayyeh Koohi



o NUS

\ (=2

M’ National University
- of Singapore

Linked List

&R Suppose [= 2

Start
{}\ ' % ' % ' % ' % ' % ' %
I CREICY ey

- NP N\ W

R Need to visit all the predecessors of a sequence before
visiting the sequence itself

Introduction to Computational Biology Somayyeh Koohi
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Linked List (cont’d)

R Linked list is not the most efficient data structure for
motif finding

R Let’s try grouping the sequences by their prefixes

OO O I IO IC)

EieL s cReEet iR sl S J el et i b

Introduction to Computational Biology Somayyeh Koohi
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Search Tree

root

)

\\
N

Introduction to Computational Biology Somayyeh Koohi
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Analyzing Search Trees

R Characteristics of the search trees:

3 The sequences are contained in its leaves

3 The parent of a node is the prefix of its children
@ How can we move through the tree?

Introduction to Computational Biology Somayyeh Koohi
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Moving through the Search Trees

R Four common moves in a search tree that we are
about to explore:

3 Move to the next leaf

3 Visit all the leaves

3 Visit the next node

3 Bypass the children of a node

Introduction to Computational Biology Somayyeh Koohi
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Visit the Next Leaf

Given a current leaf a, we need to compute the “next” leaf:

1. NextLeaf(a,., k) // a: the array of digits

2. fori< 1tol /] L: length of the array
3 if a, < k /] k: max digit value
4. asa |

oF return a

6. a <l

/. return a

Introduction to Computational Biology Somayyeh Koohi
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NEXtLe af (cont’d)

R The algorithm is common addition in radix k:
R Increment the least significant digit

R “Carry the one” to the next digit position when the
digit is at maximal value

Introduction to Computational Biology Somayyeh Koohi
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NextLeaf: Example

& Moving to the next leat:

Current Location @

.
AL

Introduction to Computational Biology Somayyeh Koohi
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NextLeaf: Example (onra)

NS NI/

Introduction to Computational Biology Somayyeh Koohi
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Visit All Leaves

R Printing all permutations in ascending order:

= AllLeaves(L,k) // L: length of the sequence
2 ac(l- b /] k: max digit value

3 while forever // a: array of digits

4. output a

5 a < NextLeaf(a,L, k)

6. ifa=(E— 1

7 return

Introduction to Computational Biology Somayyeh Koohi
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Visit All Leaves: Example

R Moving through all the leaves in order:

-1
S

Introduction to Computational Biology Somayyeh Koohi
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Depth First Search

R So we can search leaves
R How about searching all vertices of the tree?

@ We can do this with a depth first search

Introduction to Computational Biology Somayyeh Koohi
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Visit the

. NextVertex(a,/L,

Next Vertex

k) // a: the array of digits

]

2= |

3 a <1

4 return (a,/+7)
5. else

5 for S o
7 if a, < k

8 4G a =
9. return( a,/)
10. return(a,0)

Introduction to Computational Biology

/] i : prefix length
/] L: max length
/] k: max digit value

Somayyeh Koohi
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Example

& Moving to the next vertex:

Current Location

&X.

\\
N/

Introduction to Computational Biology Somayyeh Koohi
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Example

R Moving to the next vertices: Location after 5
next vertex moves

Jg @

Introduction to Computational Biology Somayyeh Koohi
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Bypass Move

R Given a prefix (internal vertex), find next vertex
after skipping all its children

1. Bypass(a,i,L,k) // a: array of digits

2 forj< ito 7 /] i:prefix length

3 if a, < k // L: maximum length
4. a < a+1 /| k:max digit value

5 return(a,)

6 return(a,0)

Introduction to Computational Biology Somayyeh Koohi
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Bypass Move: Example

R Bypassing the descendants of “2-":

Current Location

.oy

Introduction to Computational Biology Somayyeh Koohi
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Example

R Bypassing the descendants of “2-":

Next Location @

NS

Introduction to Computational Biology Somayyeh Koohi
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Outline

® What is Motif

@ Motif finding problem

R Implanting Patterns in Random Text

&R The Gold Bug Problem

&® The Motif Finding Problem

R Brute Force Motif Finding

® The Median String Problem

R Search Trees

&R Branch-and-Bound Motif Search

&R Branch-and-Bound Median String Search

Introduction to Computational Biology Somayyeh Koohi
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Revisiting Brute Force Search

& Now that we have method for navigating the tree,
lets look again at BruteForceMotifSearch

Introduction to Computational Biolo Somayyeh Koohi 101
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Brute Force Search Again

BruteForceMotifSearchAgain(DNA, t, n, [)
sE (1= 1
bestScore < Score(s,DNA)
while forever
s & NextlLeaf (s, &t -+ 7)
if (Score(s,DNA) > bestScore)
bestScore < Score(s, DNA)
bestMotif < (s,,5,, ..., S)
return bestMotif

et tooostl il i byl o Nl e
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Can We Do Better?

R Sets of s=(s4, s,, ...,5;) may have a weak profile for
the first 1 positions (s, s,, -..,s;)

R Every row of alignment may add at most £ to Score
R Optimism: if all subsequent (#-1) positions (5,1, -...5;)

add

(¢-7)* [ to Score(s,/,DNA)
R If Score(s,i, DNA) + (t - /) * [ < BestScore, it makes

no sense to search in vertices of the current subtree
©3 Use ByPass()
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Branch and Bound Algorithm for Motif Search

R Since each level of the tree
goes deeper into search, root
discarding a prefix discards
all following branches S

R This saves us from looking at
(n - [+ 1) leaves

3 Use NextVertex() and ByPass()
to navigate the tree

Introduction to Computational Biology Somayyeh Koohi 104
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Pseudocode for Branch and Bound Motif Search

1.  BranchAndBoundMotifSearch(DNA,t,n,{)

2: = s (1

3. bestScore < 0

4 il

5. whilei>0

6. ifi<t

7 optimisticScore & Score(s, i, DNA) +(t-1i) * [
8. it optimisticScore < bestScore
9 (s, i) € Bypass(s,i, n-[+1)

i else

1GE (s, i) € NextVertex(s, i, n-£+1)
162 else

153 if Score(s,DNA) > bestScore

14. bestScore < Score(s)

5 bestMoJé )
iG> (s,i) € Next ertexsztn [+1)

17. return bestMottf

Introduction to Computational Biology Somayyeh Koohi 105
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Median String Search Improvements

R Recall the computational differences between motif
search and median string search

3 The Motif Finding Problem needs to examine all (n-£+1)"

combinations for S.

3 The Median String Problem needs to examine 4*
combinations of v. This number is relatively small

@ We want to use median string algorithm with the
Branch and Bound trick!

Introduction to Computational Biolo Somayyeh Koohi 106
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Outline

® What is Motif

@ Motif finding problem

R Implanting Patterns in Random Text

&R The Gold Bug Problem

&® The Motif Finding Problem

R Brute Force Motif Finding

® The Median String Problem

® Search Trees

® Branch-and-Bound Motif Search

&R Branch-and-Bound Median String Search

Introduction to Computational Biology Somayyeh Koohi
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Branch and Bound Applied to Median
String Search

R Note that if the total distance for a prefix is greater
than that for the best word so far:

TotalDistance (prefix, DNA) > BestDistance

there is no use exploring the remaining part of the
word

&’ We can eliminate that branch and BYPASS exploring
that branch further
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Bounded Median String Search

1. BranchAndBoundMedianStringSearch(DNA,t,n,()

2 s (=)

3.  bestDistance < o

4. e

5. while/ >0

6. if i <(

7z prefix € string corresponding to the first /nucleotides of s
8. optimisticDistance < TotalDistance(prefix, DNA)

9. if optimisticDistance > bestDistance

10. (s, /) € Bypass(s,/, [, 9

LE else

2 (s, /) € NextVertex(s, /, £ 4

13. else

14. word €< nucleotide string corresponding to s

kS if TotalDistance(s,DNA) < bestDistance

165 bestDistance < TotalDistance(word, DNA)
17 bestWord < word

18. (s,/) € NextVertex(s,i 4

19. return bestWord
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Improving the Bounds

R Given an Fmer w, divided into two parts at point i
@3 prctibein; -

1/

G T b e o o U
R Find minimum distance for # in a sequence

R No instances of # in the sequence have distance
less than the minimum distance

@ Note this doesn’t tell us anything about whether u
is part of any motif. We only get a minimum
distance for prefix u
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Improving the Bounds (contd)

R Repeating the process for the suffix v gives us a
minimum distance for v

R Since # and v are two substrings of w, and included
in motif w, we can assume that the minimum
distance of u# plus minimum distance of v can only be
less than the minimum distance for w

Introduction to Computational Biology Somayyeh Koohi 111



INUS

National University
of Singapore

Better Bounds

Sear ching for prefix V

We may find many instances of prefix }with a
minimum distance ¢

wind(¥) = @ nind(¥) = ¢ mind(¥) = ¢

DIMA sequence

Likewise for I/

mind () =z () =2

But for U and V combined, U is not at its
minimum distance location, neither is V

mnd(g+1 £+2)

But at least we know w (prefix # suffix v) cannot
have distance fessthan ;d(v) + ;d{#@#)
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Better Bounds conraq

RIf d(prefix) + d(suffix) > bestDistance:

o8Motif w (prefix.suffix) cannot give a better
(lower) score than d(prefix) + d(suffix)

©3In this case, we can ByPass()
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Better Bounded Median String Search

5 ImprovedBranchAndBoundMedianString(DNA, t,n, )

2 B o i ]

3 bestdistance =

4. i=1

5 while i >0

6. =i

s prefix = nucleotide string corresponding to (s;, s,, S5, ..., 5;)
8. optimisticPrefixDistance = TotalDistance (prefix, DNA)
o if (optimisticPrefixDistance < bestsubstring| i ])

10. bestsubstring[ i | = optimisticPrefixDistance

11. if ((-i<i)

12 optimisticSufxDistance = bestsubstring{[-i |

19 else

14. optimisticSufxDistance = 0;

iib: if optimisticPrefixDistance + optimisticSufxDistance > bestDistance
162 (s, i) = Bypass(s, i, ; 4)

7 else

18. (s, i) = NextVertex(s, i, {4)

49 else

20. word = nucleotide string corresponding to (54,5, 53, ..., 5;)
2% if TotalDistance( word, DNA) < bestDistance

20 bestDistance = TotalDistance(word, DNA)

25} bestWord = word

24, (s,7) = NextVertex(s, i,[ 4)

25. return bestWord
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More on the Motif Problem

R Exhaustive Search and Median String are both exact
algorithms

R They always find the optimal solution, though they
may be too slow to perform practical tasks

& Many algorithms sacrifice optimal solution for speed
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