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The problem

e Transcription factors: proteins
which bind to the DNA at
specific locations to aid or =
repress protein transcription =

e Learning patterns indicative of
binding sites and predicting
putative binding sites using
the learnt patterns

Transcription

initiation complex Transcription
¢ 3 initiation
2 T

CRM Proximal TFBS

e Typically occur in clusters (cis-
regulatory modules or CRM)
and are noisy copies of each
other.
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The problem

—_—

TCTCTCTCCACGGCTAATTAGGTGATCATGAAAAAATGAAARATTCATGAG GACATCGAAACATACAT .

—_—F

ATGGCAGAATCACTTTAAAACGTGGCCCCACCCGCTGCACCCTGTGCATTTTGTACGTTACTGCG ACG -

CACATCCAACGAATCACCTCACCGTTATCG TCTTTCGCATCGCCGAAGTGCCATAAARAATATTTTTT ..
—

—_—*

TGCGAAC TTACAACGAGGAAATAGAAGAAAATGAAAAATTTTCGACAAAATGTATAGTCATTICTATIC .

ACAAAGGTACCTTCCTGGCCAATCTCACAGATTTAATATAGTAAATTGTCATGCATA CGAACATGARA .
.‘—

ATTGAT TCCTCTGACTACTACCAGT TCAARATGTTAGAGAAAAATAGAAAAGCAGAAAAAATAAATAR .
—

GGCGCCACAGTCCGCGTTTGGTTATCCGGE TGACTCTTTTTTGGAAAGTGTGGCATGTGCTTCACACA .
—
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Computational formulation

e Given a sequence of nucleotides,
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Computational formulation

e Given a sequence of nucleotides, identify subsequences

where the transcription factor binds

o[oo.oo]o[oooo o. =
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Supervised vs unsupervised
e Supervised TFBS finding

NEW BINDING SITE PREDICTIONS

e

e Unsupervised TFBS finding

REGULATORY DNA SEQUENCE

NEW BINDING SITE PREDICTIONS

QSMB 2009 @ Stockholm, Sweden 3/29/2010 3/29/2010 a/
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Supervised TFBS prediction

Traditionally modelled as fixed width, table of position-
specific frequencies by creating a multiple sequence

TITAATTSSS

webloga bu'l-l.el-e,'.ad

T TAATT
CCTAATT
T TAATT
TTTAATT
> C TAATT
TTTAALATG®G
TT&zaA2ATT
TCzAATT
T TaaiT
T TAAGT
ATTAATT
TCTAATT
TTTAATT
CATAATT
> TAATAT
> C TAATAA
3 TAATGA
3 T T2AaAA4ATGA
TCTCATGTOET
TTTTATGATCC
TTTTATOGTO T

o I o T N /3 O R/ S/ B i

Hogr e o 1 g 0 o KT 0 oo 1o
Cror o K e W e K o o o Gr K3

3 T AALAAGAT
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Supervised TFBS prediction

Each instance is called a motif, and the ordered frequency
table is called the Position Weight Matrix (PWM)

ALVIRESS S

5:’

TAATTGGC
TALAATTG T
TALAATTG A
TAATT 2
TAATT G
TAATOG®GC
A2 ATTTGC
A ATTT T
TaAacTToGC
TAAGT G C
TAATTG®CLC
TLAATTAT©G
TALAATTT
TAATTTT
TAATATAR
TAATAAZRZ
TA2ATOGATG
TAATGAT
TCATOGTIG
TTATGATC
TTATOGT G
3 T A A AR GA
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Traditional PWM scanning

6+10782%10"* 9x1078
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Traditional PWM scanning

e Typically generates a large number of false positives, as
the motifs are noisy copies of each other

5" - TCTCTCTCCACGGCTAATTAGGTGATCATGAAAAAATGAAARATTCATGAG GACATCGAAACATACAT .HIS7
- I—h

5" - ATGGCAGAATCACTTTAAAACGTGGCCCCACCCGCTGCACCCTGTGCATTTTGTACGTTACTGCG ACG .ARO4
_— —*

5" - CACATCCAACGAATCACCTCACCGTTATCG TCTTTCGCATCGCCGAAGTGCCATAAAAAATATTTTITT .ILVE
E— —*

5" - TGCGAAC TTACAACGAGGAAATAGAAGAAAATGAAAAATTTTCGACAAAATGTATAGTCATTTCTATC .. THR4
—*

5" - ACAAAGGTACCTTCCTGGCCAATCTCACAGATTTAATATAGTAAATTGTCATGCATA CGAACATGAAA .AROI
—_— —

5" - ATTGAT TCCTCTGACTACTACCAGT TCAAAATGT TAGAGARAAAATAGAARAGCAGARARRATAAATAR | HOMZ
—*

5" - GGCGCCACAGTCCGCGTTTGGTTATCCGEC TEACTCTTTTTTGGAAAGTGTGGCATGTGCTICACACA .PRO3
—
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Generative models : HMMs

oV o,V -V~
CCC_oC_C_CC

_ L L

HHHHl
CHIANOWNOE .-
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Generative models : HMMs

e May tune to the noise instead of the signal, for noisy data

e Performance saturation to some degree : sophisticated
models like Baycis [ Lin et al ‘08] have not improved on the
state of the art significantly

e Difficult to include a variety of evidence, especially
continuous ones
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Diverse sources of evidence

Multi-species phylogenetic motif finding

e Non PWM Genetic data
e Distance from TSS
e Distance between TFBSs

Epigenetic data
* Nucleosome binding scores

Combining features

!SI\/IB 2009 @ Stockholm, Sweden 3/29/2010 3/29/2010 @/




istical Artificial InteLligence & INtegrative Genomics

DIScriminative COnditional random field for motif recoVERYy in
metazoan genomes

e Conditional random fields : powerful integrational device
where features (evidence like phylogeny, proximity to
transcribed regions, nucleosome binding affinity score, etc)

can be added at will

e Discriminative model
* Maximizes the conditional probability of the label given the
sequence, and not the joint probability of both
e Feature set . carefully chosen from the literature and
modelled accordingly
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e Estimation:

Input : A set of sequences which have corresponding feature
values for each nucleotide and positions of TFBS

Output : Feature weights (ie the learnt conditional probability
model)

e Inference:

Input: A set of sequences which have corresponding feature
values for each nucleotide and learnt model

Output : A sequence of ML labels each corresponding to a
nucleotide specifying its state : ie, binding site, CRM-
background or background
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A
[ l1. EMPIRICAL ANALYSIS |\

FEATURE SCORES REGULATORY DNA SEQUENCE TRAINING BINDING SITE DATA

—L &
%
T *

PHYLOGENY BASED FEATURE
SCORES

e T

BINDING SPECIFICITY,
FREQUENCY AND LOCATION
BASED FEATURE SCORES

ORTHOLOGOUS SEQUENCES

TATGAGCTATATATTAAA

2. OFFLINE SCORE
COMPUTATION

mL

5. BIOLOGICAL
VALIDATION

ADDITIONAL BIOLOGICAL
EXPERIMENTS FOR
CALCULATING FEATURES

i=1l:n

CONDITIONAL RANDOM FIELD
1

4. INFERENCE

VY

NEW BINDING SITE PREDICTIONS

CHROMATIN STABILITY,
STRUCTURE + ACCESSIBILITY
BASED FEATURE SCORES

TRANSCRIPTIONAL /
TRANSLATIONAL REGION
BASED FEATURE SCORES
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I 1. EMPIRICAL ANALYSIS I\

7

FEATURE SCORES REGULATORY DNA SEQUENCE TRAINING BINDING SITE DATA
ORTHOLOGOUS SEQUENCES
4 - g Y
ATTGATGTACATTTTGAC %
ATTGATCCACATTAAGAC ) -
— — L /W 2. OFFLINE SCORE |
— COMPUTATION o 5. BIOLOGICAL
=\ o VALIDATION
3 <
h ©
- <&
PHYLOGENY BASED FEATURE vx“?‘
SCORES o
’ : 000 @
ADDITIONAL BIOLOGICAL -|- I c _l_'l‘ Y Yz Y Yo
EXPERIMENTS FOR T .c-c LV
CALCULATING FEATURES BINDING SPECIFICITY,
FREQUENCY AND LOCATION
| BASED FEATURE SCORES .Xa

) CONDITIONAL RANDOM FIELD

-
- Al #
-} WEE R 4. INFERENCE
CHROMATIN STABILITY,
STRUCTURE + ACCESSIBILITY
BASED FEATURE SCORES

\_
( NEW BINDING SITE PREDICTIONS
ATTGATGTACATTTTGAC
TRANSCRIPTIONAL | TCTTGACCAGGTTGACTT
TRANSLATIONAL REGION GATTTGTGTCATTACTCC
\__BASED FEATURE SCORES AGCCTGCACAATTTACGA

ADDITIONAL FEATURE SCORE
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FEATURE SET FEASIBILITY

l 1. EMPIRICAL ANALYSIS I\

REGULATORY DNA SEQUENCE TRAINING BINDING SITE DATA

ATTGATGTACATTTTGAC
TCTTGACCAGGTTGACTT

FEATURE SCORES

— &
S
T *

PHYLOGENY BASED FEATURE
SCORES

e T

BINDING SPECIFICIT’(
FREQUENCY AND LOCATION
BASED FEATURE SCORES

ORTHOLOGOUS SEQUENCES

TATGAGCTATATATTAAA

¥

2. OFFLINE SCORE
COMPUTATION

mL

5. BIOLOGICAL
VALIDATION

ADDITIONAL BIOLOGICAL
EXPERIMENTS FOR
CALCULATING FEATURES

CONDITIONAL RANDOM FIELD
]

4. INFERENCE

SV

NEW BINDING SITE PREDICTIONS

CHROMATIN STABILITY,
STRUCTURE + ACCESSIBILITY
BASED FEATURE SCORES

TTTTGAC

TRANSCRIPTIONAL / TGACCAG
TRANSLATIONAL REGION GATTTGTGTCATTACTCC
BASED FEATURE SCORES AGCCTGCACAATTTACGA
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FEATURE SCORES ' REGULATORY DNA SEQUENCE TRAINING BINDING SITE DATA
ATT

r

—L &
9
—{ %

PHYLOGENY BASED FEATURE
SCORES

Tl _ ICAC i

BINDING SPECIFICITY,
FREQUENCY AND LOCATION N\
BASED FEATURE SCORES

|M

i=1l:n

CONDITIONAL RANDOM FIELD

CHROMATIN STABILITY,
STRUCTURE + ACCESSIBILITY
BASED FEATURE SCORES

TRANSCRIPTIONAL /
TRANSLATIONAL REGION
BASED FEATURE SCORES
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FEATURE SCORES '

—{ &
—%
-

PHYLOGENY BASED FEATURE
SCORES

e T

BINDING SPECIFICITY,
FREQUENCY AND LOCATION
BASED FEATURE SCORES

CHROMATIN STABILITY,
STRUCTURE + ACCESSIBILITY
BASED FEATURE SCORES

TRANSCRIPTIONAL /
TRANSLATIONAL REGION
BASED FEATURE SCORES
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Estimation

e Conditional likelihood based framework for estimating the
model parameters : the weights corresponding to each
field

e Converted to a convex optimization problem
X : nucleotides, Yy : state labels

e A quasi-Newton method is applied

A~

A= argm{le(l 'Y, X)

where L(A|y.x)=P(y|x,A)

!SI\/IB 2009 @ Stockholm, Sweden 3/29/2010 3/29/2010 @/




G
® O h)
Laboratory fc

ry for Statistical Artificial InteLligence & INtegrative Genomics

Inference

e Use the parameters learnt in the estimation stage for
predicting the binding sites
e Corresponding analogs of HMM inference algorithms

e \We use marginal decoding, as it allows us to find
overlapping motifs

y; =argmaxP(y; |X,4)
Vi
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e PWM based score

weblogo. berkeleyadu

e Self Complementarity
* How similar is it to the reverse complement ?

QSMB 2009 @ Stockholm, Sweden 3/29/2010
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Genomics

Cis-regulatory grammar

e Transition probabilities between states of the model :
modelling the grammar

e Along with the PWM score, correspond to the traditional
sources of evidence used by HMM based models

Sweden 3/29/2010
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Evolutionary data

e Conservation : function implies conservation from the
Neutral Theory

e Presence of repeats : duplicated binding sites or functional
turnover ?

chir3l: SEESSee| SEE4 e8| SEE45aa] SEESaaa|
Eegulatord elements from OREegAnno

Flies, Mosguito, Homedbes, EBeetle MUlLiz Alignments & phastCons Scores

o | 1017 1T TN Jlljllllll Illllllll

o_=i mu1an5-

d_seche 11z I -I-II
d_gakuba --III—II-I-I_I-II-II
d_erecta IR NI
d_ananassag
d_pEeudooks cura
d_persimilis

d_willistond
d_ viri1i5

d_ori mshaw

A_gamk i
a_me11lifera
t_castaneum

Eepeating Elements by RepeatMasker
RepeatMasker [ ] |
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Chromatin stability & accessibility

e G-C content and melting temperature

» Correlates with chromatin stability, which facilitates TFBS
binding

e Nucleosome binding

* Nucleosomes affect DNA wrapping and thus the accessibility
of DNAto TFs

£ 64’&'4*
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Distance and location based

e Distance to TSS
e Presence in 5’UTR, or 3’'UTR, or intron

initiation complex Transcription
¢ 3 initiation
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|s a feature discriminative ?

B Background
™1 CRM-background

[_IMotif

Mean feature score

1 2
G-C content PhastCons score
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Could it be more discriminative?

0.45

0.4 F

0.35 F

03F

025

0.2 F

Normalized counts

015 F

01F

0.05

2 4 6 8 10 12 14 16 18 20

PhastCons scores from [0,1] in 20 bins
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How well do the features predict ?

£ z
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m m
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o [=]
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o o
2 2
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0 '™ 0
o] 1 0 . 1
GC-Precentage Score Reverse Complementarity Score
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0.65

Simulation Results

0.6
0.55}

0.5
0.45

Precision

N

0.35
0.3

o
1 1 &

T
v

+ CRF
» BayCis MAP
m ClusterBluster

s Cister
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0.32 0234 036 038 04
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Sequence ids for ground truth
visualization

Legend :

CIS REGULATORY MODULE
!SMB 2009 @ Stockholm, Sweden 3/29/2010
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LOOCV Results : Drosophila data

5 T
v ~+ CRF

0.5 | > CRF Default |7 o3|

0.5 | " -x- BayCis(HHMM)| |

' \ p BayCis MAP

04 | \'\_ A Ahab 4 0.25 -GHF
.5 * = ClusterBluster B BayCis
® 035 M ¢ Cister . 0.2 f B Ahab
§ 0s | £ % v Mscan ] [ ClusterBluster
o S ° Stubb 0.15 [ cister

25 +

0.25 5 ] l;ltsiin

X, | u
02 | " Y o1r
] X ‘\|.\
x84
0.15 v
" *--...’( - 0.05
0.1 - - : S &
0 0.1 0.2 0.3 0.4 0.5 0.6 o
Recall F1i-score

Precision = #TP /[ (#TP + #FP) , Recall = #TP / (#TP + #FN)
F1 = Harmonic mean of precision and recall
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DISCOVER predictions

Sequence ids for DISCOVER
prediction visualizatin
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Cluster Buster predictions

W
wui

|

|

|

I
w
[¢]

Sequence ids for DISCOVER
prediction visualizatin
I |

Sequence ids for ClusterBuster
prediction visualizatin

Nucleotide poslitions 16000

DISCOVER predictions ClusterBuster predictions
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Future work

e Additional features : inter motif distances, composite
motifs, etc

e Analysis of the assigned weights to different features and
redundancy of different features wrt each other

e Unsupervised motif detection
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Summary

e Generative models like HMM
» saturated performance
* risk of tuning to noise on noisy data
» unclear about how to incorporate diverse evidence

e DISCOVER
e Discriminative model which maximizes the conditional
probabilities of the labels given the sequence
e Easy to integrate many kinds of evidence into the
prediction scheme

e Clean and abstracized estimation and inference
techniques, do not change on incorporating new features

'z
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'z

http://www.sailing.cs.cmu.edu/discover.ntml
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Project pages

CSMET

DISCOWVEE iz a discrimmative, condiional random field (CEF) bazed model uzed for supervised motf discovery
of tetazoan genotnes. The code can be downloaded here. To be cited as:

_ Wenjie Fu, Pradipta Ray and Eric P. Zing, DISCOVER. A& feature-based discriminative method for motif search

SPECTRUM n complex genomes, Proceedings of the 16th International Conference on Inteligent Svstems for IMaolecular

Dl - 27 200
N FDF can be found here.
=
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Thanks!
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http:/lwww.sailing.cs.cmu.edu
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Normalizing the scores

800
700
600
500
400
300
200

100

Frequency of motif nucleotides

_4 _3 _2 1 0 1 2
Distr of normalized score for distance to TSS
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