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The problem
 Transcription factors: proteins 

which bind to the DNA at 

specific locations to aid or 

repress protein transcription

 Learning patterns indicative of 

binding sites and predicting 

putative binding sites using 

the learnt patterns

 Typically occur in clusters (cis-

regulatory modules or CRM) 

and are noisy copies of each 

other. 
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Computational formulation
 Given a sequence of nucleotides,
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Computational formulation
 Given a sequence of nucleotides, identify subsequences 

where the transcription factor binds
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Supervised vs unsupervised
 Supervised TFBS finding

+ 

 Unsupervised TFBS finding


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Supervised TFBS prediction

Traditionally modelled as fixed width, table of position-

specific frequencies by creating a multiple sequence 

alignment

3/29/2010ISMB 2009 @ Stockholm, Sweden 8



3/29/2010

Supervised TFBS prediction

Each instance is called a motif, and the ordered frequency 

table is called the Position Weight Matrix (PWM)

3/29/2010ISMB 2009 @ Stockholm, Sweden 9



3/29/2010

Traditional PWM scanning
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Traditional PWM scanning
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 Typically generates a large number of false positives, as 

the motifs are noisy copies of each other
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Generative models : HMMs
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Generative models : HMMs
 May tune to the noise instead of the signal, for noisy data

 Performance saturation to some degree : sophisticated 

models like Baycis [ Lin et al ‘08] have not improved on the 

state of the art significantly

 Difficult to include a variety of evidence, especially 

continuous ones
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Diverse sources of evidence

 Multi-species phylogenetic motif finding [Loots et al 2002, 

Moses et al 2004, Ray et al 2008]

 Non PWM Genetic data

 Distance from TSS [ Sinha et al 2008]

 Distance between TFBSs [Ray et al 2008]

 Epigenetic data

 Nucleosome binding scores [Segal et al 2006, Narlikar et al 2007]

 Combining features [ Sharon and Segal 2007, Ernst 2008]
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DISCOVER 
DIScriminative COnditional random field for motif recoVERy in 

metazoan genomes

 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

 Discriminative model

 Maximizes the conditional probability of the label given the 

sequence, and not the joint probability of both

 Feature set : carefully chosen from the literature and 

modelled accordingly
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Input & Output
 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)

 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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Estimation

 Conditional likelihood based framework for estimating the 

model parameters : the weights corresponding to each 

field

 Converted to a convex optimization problem

x : nucleotides,  y : state labels

 A quasi-Newton method is applied
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Inference
 Use the parameters learnt in the estimation stage for 

predicting the binding sites

 Corresponding analogs of HMM inference algorithms 

 We use marginal decoding, as it allows us to find 

overlapping motifs
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Sequence–specificity

 PWM based score

 Self Complementarity

 How similar is it to the reverse complement ?
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Cis-regulatory grammar
 Transition probabilities between states of the model : 

modelling the grammar

 Along with the PWM score, correspond to the traditional 

sources of evidence used by HMM based models
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Evolutionary data

 Conservation : function implies conservation from the 

Neutral Theory

 Presence of repeats : duplicated binding sites or functional 

turnover ?
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Chromatin stability & accessibility

 G-C content and melting temperature

 Correlates with chromatin stability, which facilitates TFBS 

binding

 Nucleosome binding

 Nucleosomes affect DNA wrapping and thus the accessibility 

of DNA to TFs
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Distance and location based

 Distance to TSS

 Presence in 5’UTR, or 3’UTR, or intron
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Is a feature discriminative ?
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Could it be more discriminative?
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How well do the features predict ?
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Simulation Results
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Datasets used
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CIS REGULATORY MODULE BINDING SITE

Legend : 
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LOOCV Results : Drosophila data
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Precision  =  #TP / (#TP + #FP)  , Recall = #TP / (#TP + #FN)

F1 = Harmonic mean of precision and recall
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DISCOVER predictions
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Cluster Buster predictions
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DISCOVER predictions ClusterBuster predictions
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Future work

 Additional features : inter motif distances, composite 

motifs, etc

 Analysis of the assigned weights to different features and 

redundancy of different features wrt each other

 Unsupervised motif detection 
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Summary 
 Generative models like HMM 

 saturated performance

 risk of tuning to noise on noisy data

 unclear about how to incorporate diverse evidence

 DISCOVER

 Discriminative model which maximizes the conditional 

probabilities of the labels given the sequence

 Easy to integrate many kinds of evidence into the 

prediction scheme

 Clean and abstracized estimation and inference 

techniques, do not change on incorporating new features
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http://www.sailing.cs.cmu.edu/discover.html
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Thanks!

http://www.sailing.cs.cmu.edu
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Normalizing the scores
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