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Abstract

Regulatory regions in mammalian genomes play important roles both in development 

and in the maintenance of cellular homestasis. Mutations in these regulatory regions 

are implicated in several disease phenotypes. Understanding the precise role of these 

regions requires detailed maps of where regulatory proteins bind to DNA. Experimentally 

determined genome-wide maps of protein binding are available at fairly coarse resolution, 

but cannot pinpoint the exact locations in the DNA where the proteins bind. Computational 

methods can identify the specific putative binding locations within the broader loci and 

build a model of the DNA sequences to which the protein binds. Yet state-of-the-art 

computational approches to identify specific DNA binding motifs often yield motifs 

of weak predictive power. Here we present a novel computational algorithm called 

In spec to r , designed to find specific or predictive motifs, in contrast to over-represented 

sequence elements. Key distinguishing features of this algorithm are that it uses a dynamic 

search space to find discriminative motifs and that it models binding motifs using a full 

PWM (position weight matrix) rather than fc-mers or regular expressions. We demonstrate 

that In spe c t o r  finds motifs corresponding to known binding specificities in several



mammalian ChlP-seq datasets, but that motifs found by In spe c t o r  classify the ChlP- 

seq signals better than motifs from existing algorithms. We also show that INSPECTOR 

outperforms a technology-specific algorithm in finding predictive motifs from protein- 

binding microarray (PBM) datasets. Finally we apply this algorithm to detect motifs from 

expression datasets in C. elegans using a dynamic expression similarity metric rather than 

fixed expression clusters and find novel predictive motifs.
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Chapter 1

Introduction

Multiple mechanisms exist to modulate protein levels in a cell and create a dynamic 

cellular phenotype from a static genotype. One such mechanism is transcriptional regula­

tion. Transcription factors (TFs) bind to cis-regulatory elements in the vicinity of genes 

and enhance or inhibit the transcription of those genes into messenger RNA. Therefore, 

identifying the DNA binding specificities of transcription factors is necessary to decipher 

the regulatory network in the cell, such that we can identify disease causing mutations in 

these elements or engineer synthetic organisms to perform specific biochemical functions.

Several technological platforms can be used to identify the binding specificites of the 

DNA-binding domains of transcription factors to cis-regulatory elements in DNA. We 

can measure binding in an in vivo environment using chromatin immunoprecipitation, 

followed by measuring binding to a microarray [1] or by deep sequencing [2], We can also 

measure binding in vitro using protein binding microarrays, or PBMs [3]. Finally, we can



often use the expression levels of genes as a proxy for the level of binding of a regulatory 

factor to their promoters, and thus a set of co-regulated genes is functionally equivalent 

to a set of genes whose upstream regions are bound by a common transcription factor. 

Due to the limitations of these technologies, the binding data from these experiments is 

generally analyzed by motif-finding algorithms that identify the binding specificity of 

the transcription factor being interrogated to a much higher resolution than the raw data 

obtained from the technological platform [2—4].

Despite these significant advances in technology, there is still a substantial gap in 

our ability to generate PWMs which accurately describe binding specificities from these 

experiments. For instance, Zhu et al [5] used PBMs to investigate the binding specificities 

of 246 candidate DNA-binding proteins in yeast. Of these, predictive motifs were found 

in only 89 cases, or 36% of the factors assayed. Similarly, 23 transcription factors 

from C. elegans were assayed using ChlP-seq as part of the modENCODE project [6]. 

Specific motifs were found for only 8 (35%) of these factors. Considering the number of 

experiments being done with these technologies [6-9], it would be of great benefit to be 

able to extract maximal useful information from them.

Generally, motif-finding algorithms search a set of sequences for a shared cis-regulatory 

element. We term this set of sequences the search space. Early motif-finding algorithms 

optimized for over-represented sequence motifs, which are sequence patterns found more 

often in the search space than would be predicted by some null or background sequence 

model. Successful and popular algorithms of this class include A l ig n ACE [4] and
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M EM E [10] which use Gibbs sampling and expectation maximization respectively to 

search for the optimal sequence motif. In contrast, a discriminative approach searches for 

specific motifs, or sequence patterns that are present in a positive set of sequences at a 

higher frequency than in a negative set of sequences. Discrimination reflects the power of 

the sequence pattern to classify sequences as being part of the search space or not. Recently, 

a few algorithms of this type have been developed [11,12]. By necessity, a discriminative 

objective function is more expensive to compute; it requires scoring not only the sequences 

in the positive search space, but also those sequences in the negative set to establish the 

absence of the motif in those sequences. Consequently, previous algorithms have used 

a simplified word-based sequence model for the motif while performing discriminative 

motif finding. We believe that our algorithm, which we call INSPECTOR, is unique in using 

a full position-weight matrix as its sequence model, which we show performs better than 

existing models.

Even if using a discriminative approach, most existing motif finding algorithms consider 

the positive and negative sets of sequences to be fixed. The positive set is usually defined 

through one of three methods. First, we might have direct binding data for the protein 

or TF, and the set of sequences whose binding score is above a threshold is used as the 

positive set. This threshold can result from the rank or from computation of a p-value 

given some null binding model. This approach is common with ChlP-chip, ChlP-seq and 

PBM experiments [2,5,13]. Second, we might use a proxy for the binding score, such 

as the degree of correlation with a shared expression pattern, and choose a threshold for

3



this correlation to define the search space. This method is often used with genome-wide 

expression profiling data, by clustering genes according to their expression patterns and 

then running a motif-finding algorithm on the upstream regions of genes in the individual 

clusters [4,14]. Lastly, we might simply use prior biological annotation that makes it likely 

that some sequences are likely to be regulated by the same TF or set of TFs by virtue of 

being involved in the same biological process. In all these cases, however, the optimal 

boundary between the positive and negative sets is generally not obvious. Instead of 

using a fixed set of positive sequences, a dynamic approach allows the boundary between 

the positive and negative sequences to evolve during the search procedure. A dynamic 

threshold can be applied when searching for motifs in any set of continuous enrichment 

data, such as ChlP-seq peak intensity. INSPECTOR uses a dynamic search space optimizing 

the predictive power of the motif being found, and we show that this flexibility improves 

the motifs found on PBM and expression datasets.

1.1 Thesis organization

This thesis is organized as follows:

•  Chapter 2 explains the significance of TF binding sites and gives an overview of 

existing motif-finding algorithms, including some general concepts.

•  Chapter 3 describes the INSPECTOR algorithm.

•  Chapter 4 showcases how INSPECTOR can be used to analyze ChlP-seq data and

4



how its performance compares to other discriminative motif finders.

•  Chapter 5 covers the analysis o f PBM data with INSPECTOR.

•  Chapter 6 details the use o f  INSPECTOR to do genome-wide discovery o f  regulatory 

elements using expression data.

•  Chapter 7 describes the application o f INSPECTOR to discover regulatory elements 

from orthologous sequences in nematodes.

•  Chapter 8 summarizes the results from previous chapters and suggests further av­

enues for research.
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Chapter 2 

Background

2.1 Importance of cis-regulatory elements

The regulation of transcription is one of several key mechanisms giving rise to diverse 

cellular phenotypes. Precise spatial and temporal control of transcription can lead to 

the elegant orchestration of complex processes such as organismal development, while 

conversely transcriptional misregulation can cause disease phenotypes including cancer 

[15], inflammatory diseases [16] and Alzheimers disease [17].

A key step in transcriptional regulation is the binding of a transcription factor to a 

regulatory element a transcription factor binding site (TFBS) in the promoter of a gene 

(Fig. 2.1). In the case of an activator, the binding event can then either immediately or 

upon some further cellular signal activate transcription by recruiting additional specific 

co-activators, chromatin remodelers and general transcription machinery. In the case of a

6



Induce/Inhibit

i—^Transcription into RNA
TFA  TF B

Induce/Inhibit

CRE1 CRE2

CRM
(cis-regulatory module)

Figure 2.1: How transcription factors regulate transcription. Transcription factors 
bind to cis-regulatory elements in the proximal promoters of genes. They recruit general 
transcription machinery and chromatin remodelers, and can either induce or repress 
transcription.

repressor, the transcription factor might preclude the binding of an activating transcription 

factor or chromatin remodeler. In either case, the DNA sequence to which the transcription 

factor binds is a crucial element of the process. Knowing the sequence profile to which a 

transcription factor binds can yield a putative list of its target genes, and eventually lead to 

the construction of a transcriptional regulatory network [13].

In subsequent chapters, we shall describe experimental technologies that can be used to 

identify cis-regulatory elements. All these technologies require computational analysis of 

the data by motif-finding algorithms to find the DNA binding specifities of the TFs being 

investigated.



2.2 Motif-finding algorithms

The main innovation described in this thesis is the motif-finding algorithm INSPECTOR. 

In spe c t o r  improves existing discriminative motif-finding algorithms by introducing a 

new dynamic approach to defining the search space and using a full PWM sequence model 

for motifs. Baseline methods are described here for reference, and subsequent chapters 

demonstrate how the innovations in INSPECTOR lead to substantially better performance.

2.2.1 Gibbs sampling and expectation maximization

The earliest motif finding algorithms were based on either Gibbs sampling or expec­

tation maximization. Alig nACE (based on Gibbs sampling) and M EM E (based on 

expectation maximization) are the two most popular algorithms.

A lignACE [4] is a slight modification of the Gibbs sampling algorithm as originally 

described for multiple local sequence alignment [18]. It begins by choosing a random 

position within a randomly chosen sequence in the search space and initializes a PWM 

sequence model. This PWM is used to scan all the sequences in the search space and score 

sites according to the equation below:

L  -  ( 2 n  
Pr(S|0o) ( -1'

where L is the site score or likelihood ratio, S  is the site being scored, 9 is a PWM sequence 

model, and 90 is some background distribution. Sites that score above a certain threshold
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are added to the PWM with a probability that increases according to their score. The 

process continues iteratively until the objective function — the maximum a posteriori 

(MAP) score — converges. The MAP score can be represented as

M A P  = x  log ( | )  (2.2)

where x  is the number of instances of the motif in the search space and E  is the number of 

instances that would be predicted by some background model.

MEME [10] considers all A-mers occurring in the search space as being derived either 

from a PWM representing the optimal motif or from a background sequence model. It 

initializes from a k -mer that it considers to be over-represented in the search space. It 

scores all the other A'-mers using a log-odds ratio similar to (2.1) and finds high scoring 

A;-mers (E-step). The PWM is then updated to include these high-scoring A;-mers (M-step).

The main difference between A lignACE and MEME is that A lig nACE adds sites 

to the motif model in a stochastic manner, while MEME adds A;-mers (which represent 

sites) in a greedy fashion. Both Alig nACE and MEME have been used successfully in 

the past, especially with small sets of genes.

2.2.2 Enumerative motif-finding

A significant drawback of both Gibbs sampling and expectation maximization is the 

possibility of getting stuck in local minima. The commonly employed workaround is to

9



execute the search multiple times with different random restarts, with the hope that one of 

the restarts finds the globally optimum motif.

Later algorithms tried to avoid the local minima problem entirely by using a enumer- 

ative approach. Instead of a PWM, these algorithms used words or fc-mers. All words 

or A;-mers of a certain length k were evaluated using the objective function. The most 

successful algorithm of this type is W ee d e r  [19]. It uses suffix trees to search for over­

represented fc-mers and their mutations and performed very well in a comparative study 

with 13 other motif-finding algorithms [20].

2.2.3 Discriminative motif finding

The main failing of the algorithms described thus far is that these algorithms only 

look at the search space or positive set of sequences. The negative set or background is 

generally summarized using a Markov model (0th order for A lignA C E , up to 5th order 

for MEME, 6th or 8th order for WEEDER). Real biological sequences tend to be poorly 

modeled using these background models, and therefore motifs that are non-specific to the 

positive set can often end up scoring quite well.

A m adeu s was one of the first discriminative motif finders [11]. It uses an enumerative 

approach, but its objective function is discriminative, i.e. it evaluates sequence patterns 

for not only their over-representation in the search space, but also for their absence in 

the negative set. The objective function is based on the hypergeometric distribution. 

A m a d e u s  performed well on a compendium of metazoan target sets [11] relative to

10



A lig nACE, MEME and WEEDER. It can also consolidate the A>mers it finds into PWMs 

and optimize them, though this PWM construction ends up being the most computationally 

expensive step of the algorithm.

DREME is another algorithm that uses a discriminative approach [12]. It was designed 

specifically to handle large datasets such as ChlP-seq, where there might be several 

thousand peaks that are listed as bound. It can use either a true negative set (say a list 

of unbound peaks) or a scrambled version of the positive set. Like AMADEUS, it uses 

enumeration, but uses IUPAC regular expressions in addition to simple k-mers. The motifs 

generated are not true PWMs, but do allow for degeneracy (up to 3 bases) at each position.

Name Feature space Algorithm Objective function
A l ig n ACE
MEME
W eeder

A m a d e u s

DREME

PWM
PWM
A>mers 
A>mer s 
k -mers

Gibbs sampling 
Expectation maximization 
Enumeration, suffix-trees 
Enumeration 
Enumeration

Over-representation
Over-representation
Over-representation
Discrimination
Discrimination

Table 2.1: Summary of motif-finding algorithms

2.3 Summary

The identification of cis-regulatory elements is crucial to understanding the regulatory 

network in cells. In this chapter, we have looked at some of the existing motif-finding 

algorithms, particularly those that exemplify the general principles that have been employed 

thus far (Table 2.1). In the next chapter, we shall examine the In s p e c t o r  algorithm in 

detail, and show how INSPECTOR is novel in combining discriminative motif-finding with

11



a full PWM sequence model. In subsequent chapters, we shall show how INSPECTOR 

performs relative to the state-of-the-art algorithms described here on different kinds of 

datasets.

12



Chapter 3

The I n s p e c t o r  algorithm

INSPECTOR is a heavily modified version of the Gibbs sampling algorithm AlignACE 

[21]. The key innovations in In spec to r  are:

1. Dynamic search spaces;

2. Dynamic thresholding of sequence score;

3. Discriminative objective function.

These innovations and their predicted effects are explained below.

3.1 Dynamic search spaces

The search space is the set of sequences that are considered the positive set, and are 

expected to contain an instance of the DNA sequence element to which the DNA binding

13



protein or TF binds. As mentioned above, current algorithms typically use a fixed set of

such sequences.

In spec to r  attempts to learn the optimal search space instead of using a fixed search 

space. Given a motif, it redefines the search space such that the motif best discriminates 

between the search space and the negative set of sequences (Fig. 3.1), as measured by the 

objective function discussed below. We believe that the dynamic nature of the search space 

is appropriate, given the widely varying binding specificities of DNA binding proteins in 

general and TFs in particular.

Search set ________ Background set
Overrepresentation

Search set Background set

Specificity _  Search set ■ Background set
:§r~

m.

Binding
threshold

Figure 3.1: Over-representation vs. specificity. An over-represented motif is found in 
the search space more often than expected according to some background sequence model. 
It is not necessarily predictive and is often found in the search space at frequencies close 
to its freqency in the background sequences. A specific motif is found in a much higher 
frequency in the search space than in the background sequences. Since binding data is 
actually continuous, a dynamic search space threshold finds the optimal search space such 
that the motif is most discriminative.
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3.2 Dynamic threshold for sequence score

In both A l ig n ACE and In s p e c t o r , sequence positions are scored according to the 

following equation:

L  _  t M S W  ( 3 | )
Pr(S|0„) ( ' *

where L is the site score or likelihood ratio, S  is the site being scored, 9 is a PWM sequence 

model, and 90 is some background distribution. This odds-ratio is then converted into a 

probability using a Bayesian framework. We compute the probability of the PWM model 

9 given that the site S  currently being scored as follows:

P r ( ^ ) = P r(^ Pr(0)
P r (S)

Pr(S |0) Pr(0)
Pr(S |0) Pr(0) +  P r(S |0o) Pr(0o) 

Pr(S|0)

(•.• Pr(0) -f Pr(0o) =  1)

Pr(S |0o)
Pr(0)

S ) P r W  +  P r W

L  P r(0)
L Pr(0) +  1 — Pr(0)

(3.2)

In A l ig nACE, a fixed threshold is used to decide whether the site score is good enough 

for the site to be considered an instance of the current PWM, and thus included in the 

computation of the PWM for the next iteration. Instead of using a fixed site score threshold, 

In spec to r  adjusts the sequence threshold to maximize the discriminative power of the 

motif, as measured by the objective function discussed below.

15



In addition, A lig n A C E  has a parameter called expect, which is the prior for number 

of instances of the motif in the search space. This parameter is used to calculate Pr(0) in 

(3.2):

P rW  =  +  (3.3)

where e is expect, x  is the actual number of motif instances according to the current model, 

w  is a weight assigned to the prior and T  is the total number o f positions available in 

the search space. INSPECTOR does away with the expect parameter; it assumes a “one- 

instance-per-sequence” model and therefore replaces e with the number o f  sequences in 

the current search space, i.e.

Pr(e) =  (3.4)

where is the size of the current search space.

3.3 Model components and objective function

In order to support the dynamic thresholds for site score and search space member­

ship, the In spe c t o r  motif model consists of not just a PWM, but also two additional 

components:

1. Search space threshold

The minimum binding score that a sequence must have to be included in the search
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space or positive set. The set of sequences that are above this threshold is the set si. 

In the case of Chip-seq this is read depth; for PBM, this score is the binding intensity 

of the oligo; in the case of expression similarity, this threshold is a correlation 

measure.

2. Site score threshold

The minimum site score that a site in a sequence must achieve to be considered 

an instance of the motif. The set of sequences that have a site scoring above this 

threshold is the set s2.

INSPECTOR uses an objective function called a specificity score, which measures the 

enrichment for sequences to be in both and s2. Given x  sequences that are in the 

intersection of the above sets, and N  total sequences in the positive and negative sets, the 

specificity score is defined using the hypergeometric distribution as

The specificity score is similar to the group specificity score used by Hughes et al [4],

We calculate the specificity score in log space using the following equation, which 

allows us to handle the case of large N  where we would otherwise encounter numeric 

overflows:

Specificity score =  — log
mi n( s i ,S2 )  / s i \  ( N - s

(3.5)

log(x +  y) = log(x) +  log[l +  exp(log(y) -  log(x))]. (3.6)

17



3.4 Weighted PWM

ALIGNACE and most other m otif finders use all instances o f  a m otif found within 

the search space to compute the PWM, with an equal contribution from each motif. 

Inspector  uses a weighted PWM approach that weights the contribution o f each instance 

to the PWM according to the binding score o f the sequence containing that instance.

Say that we have n instances of a motif. Let w  be the vector of binding scores o f the 

sequences normalized to be between 0 (low) and 1 (high). Assume that the PWM had k 

columns and that 1 ^  is the indicator variable of having the base b at position j  in instance 

i of the motif. Then the probability }j$ of having base b at position j  in the motif in an 

unweighted PWM is

f  =  E i= i4 L 6 . (3.7)
n

The equivalent calculation in the weighted PWM model is:

t  _  £ i = l  ^  ONJj,b ~  —™ ---------- • (3.8)
£ i=i wi

3.5 The background model

Alig nACE uses a single nucleotide frequency model to calculate the probability 

of a given site in Eq.(3.1) above, which is equivalent to a Oth order Markov model. 

Later algorithms have shown that the use of a higher order background model can prove
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beneficial [22]. In keeping with this trend, INSPECTOR can use a background Markov 

model with order up to 5. In practice, we tend to use a 3rd order Markov model. Increasing 

the order of the background model did not result in consistent improvement in performance 

(see Chap. 4 for an example). Since our objective function penalizes motifs according to 

their actual frequency in the negative/background set, it is likely that the background model, 

which is a summary statistic of the background set, is not as important to performance.

3.6 Algorithm

The INSPECTOR algorithm iteratively optimizes the PWM and the thresholds in the 

model (Fig. 3.2). In spe c t o r  initializes the model by choosing a random site from the 

positive search space. Similar to A lig nACE, convergence is measured by improvement in 

the objective function; Inspector stops iterating after a series of minpass  iterations without 

improvement have occurred, where minpass  is a parameter (default 100). In spe c t o r  

then alternately adjusts the binding score threshold and sequence score threshold to 

maximize the specificity score, given the current PWM. Sites are re-scored using these new 

thresholds. With the new thresholds, the iteration process is repeated, again until minpass  

iterations without improvement occur, and the current model is output. After the first motif 

is found, subsequent searches are performed with new random starts, terminating early if 

the current model is similar (Com pareACE score greater than a threshold, default 0.9) to 

a motif previously found with a higher specificity score. The number of such restarts is
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S i / (w  * k), where S\ is the size of the search space (in base pairs), w is the number of 

columns in the PWM motif model, and k  is a sampling parameter.
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Figure 3.2: The I n s p e c to r  algorithm. (A) A schematic of the I n s p e c t o r  algorithm. 
The PWM model is initialized with a random sequence and position in the search space. 
The model is iteratively refined and the motif and binding score thresholds are adjusted at 
convergence to maximize specificity. (B ) An example of sequences scored using the model. 
Each sequence has a motif score and a binding score. The binding score is compared to 
the binding score threshold (here, 0.8) to determine if a sequence is in the search space. 
The sequence score is compared to the sequence score threshold (here, 0.8) to determine if 
the sequence has an instance of the motif. The sequences are color-coded according to the 
set to which they belong as defined in (A).
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3.7 Gapped motifs and number of columns

One advantage that Alig nACE provides over competing algorithms is the ability to 

find gapped motifs. The PWM model is not necessarily contiguous bases and can actually 

include gaps. For example, the width of the motif might be 15 bases, but only 10 of these 

bases might be informative and therefore included in the PWM. This gapped PWM model 

is useful for TFs that bind as a dimer to two sets of constrained DNA bases separated 

by unconstrained bases. For example, the yeast TF Gal4 binds to the sequence pattern 

CGGnnnnnnnnnnnGGC.

INSPECTOR takes the gapped motif concept one step further: it has the ability to add 

or remove columns to the PWM randomly during the motif search to see if it improves 

the specificity score. We use this setting for genome-wide searches using expression 

data, since we are looking for novel motifs that may have an unpredictable number of 

informative columns.

3.8 Column sampling

Like A lig nACE, Inspector  implements a feature called column sampling that looks 

for informative columns adjacent to existing motif instances to address the phase shift 

problem [18]. The phase shift problem occurs when a Gibbs sampler find a locally optimal 

solution that is a shifted version of the global optimum, i.e. the pattern found overlaps with, 

but is not identical to, the optimal motif. The column sampling procedure is described
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below.

Let w be the initial motif width and k be the number of columns in the PWM. We begin 

with w = k, though this can change after column sampling occurs. After every iteration, 

Inspec to r  creates a set of extended motif instances of width ws =  3w. For each column 

in this span, INSPECTOR computes the information content and the new width w' of the 

motif if this column were to be added. It then weights the information content by the 

following function suggested in [23], which is the number of ways of picking k  columns, 

given that the width of the motif is w'.

As p decreases with w', this weighting scheme results in columns that are further away 

from existing motif instances being penalized and preferring shorter motifs overall. Finally, 

Inspector  creates a ranked list of columns in the span ws and chooses the k  best columns 

to create a new PWM.

In spe c t o r  uses a similarity measure based on the Pearson correlation coefficient 

to create a non-redundant set of motifs. Two motifs are passed to the motif comparison 

function as sets of motif instances or sites.The similarity measure is calculated as follows:

(3.9)

3.9 Motif comparison
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1. Extract aligned instances of each PWM from the original sequences along with 10 

bp of sequence on ether side of each instance. Let these be A x and A 2 for the first 

and second motif respectively.

2. Within A x, find the 6 columns (possibly with gaps) with the highest information 

content for the first motif and create a PWM M t for these columns.

3. For each possible set i of 6 columns in A 2 with the same gap configuration as M x, 

create a PWM M 2,i-

4. For each set i, calculate the Pearson correlation coefficient C* between M x and M 2,j.

5. The similarity measure is the maximum of all Ci.

The similarity measure described above is much like that used for m otif comparison in 

A lig nACE and C o m pareACE [4].

3.10 Performance heuristics

Given the definition of the specificity score, it is obvious that each iteration of the 

INSPECTOR algorithm requires the scanning of N  total sequences for motif instances, 

unlike over-representation based algorithms such as A lignA C E and MEME which would 

scan the search space alone. Since each random start of the INSPECTOR algorithm is 

independent, however, we can parallelize the searches and essentially reduce running time 

by a factor equaling the number of parallel instances of INSPECTOR (Fig. 3.3).
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Figure 3.3: Inspector  uses multiple worker processes to parallelize the motif search 
process. The worker threads output the motifs found, which are collected by an archiver 
process that creates a non-redundant archive of motifs. The motif archive is fed back into 
the worker processes for early termination of searches that are similar to a motif that has 
already been found.

Another heuristic used to increase scanning performance is the maintenance of a list of 

the highest scoring site in each of the input sequences. Since only the highest scoring site 

determines membership in the set of sequences containing an instance of the motif, we 

do not need to scan every position of every sequence. Instad, we only scan the position 

that was the highest scoring site in each sequence in the previous iteration. If the PWM 

has changed considerably from the previous iteration (Pr(0|5) < 0.8), INSPECTOR then 

triggers a full scan of all positions in all sequences.
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3.11 W ays to run INSPECTOR

INSPECTOR can run in three modes:

1. Subset mode

Appropriate for any situation with sequences that have been classified in a binary 

fashion into positive and negative sets. In subset mode, Inspec to r  takes a sequence 

file in FASTA format, along with a list of sequence names that is a subset of those in 

the sequence file. This list of sequences is used as the fixed search space. With a 

fixed search space, the weighted PWM calculation is equivalent to the unweighted 

PWM since all sequences in the search space have equal weight. However, the 

sequence score threshold is calculated dynamically. We have used this mode for 

ChlP-seq datasets.

2. Score mode

To be used whenever we have some continuous measure of binding strength for 

each sequence. In score mode, INSPECTOR takes a sequence file and a file with 

sequence names and binding scores. All sequences in the sequence file should have 

corresponding binding scores in the score file. In this mode, In s p e c t o r  uses a 

dynamic search space and weighted PWM calculation as described above, along 

with dynamic sequence score thresholds. We have used this mode for PBM datasets.

3. Expression mode

Finds co-regulated genes with a shared cis-regulatory element in their upstream
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sequences. In expression mode, INSPECTOR takes a sequence file with upstream 

sequences (or other regulatory regions) and a file with expression profiles. All 

sequences in the sequence file should have corresponding expression profiles.

3.12 Performance

If Np is the number of base pairs in the positive set or search space, and N n is the 

number of base pairs in the negative set, each motif search performed by INSPECTOR takes 

0 ( N p +  N n) time. The upper bound on the number of such searches needed is 0 ( N P), 

and can be much less if the motif is found in one of the early random starts performed. 

Memory requirements are 0 ( N P +  N n), and are on the order of a few hundred MB.

In practice, we have run Inspector in 3-4 hours on ChlP-seq datasets with about 30,000 

peaks (positive + negative set), with each peak of length 300 bp. In expression mode, we 

have run Inspector on sequence datasets with 15,000 upstream sequences and expression 

datasets across about 100 conditions: these searches take 4-5 days.

3.13 Software availability

Source code for Inspector and documentation describing installation and operating 

instructions are available from our website: http://www.beerlab.org/inspector.
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3.14 Summary

In sp e c t o r  is a novel motif-finding algorithm that uses a discriminative objective 

function and a dynamic search space along with a full PWM sequence model. In the 

following chapters, we apply the INSPECTOR algorithm to three different kinds of datasets— 

ChlP-seq, PBM and expression—and demonstrate the superior performance of Inspecto r  

relative to existing state-of-the-art motif-finding algorithms.
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Chapter 4

Motif finding with ChlP-seq

The availability of next-generation sequencing has resulted in a proliferation of ChlP- 

seq datasets. This technique has been applied to find binding sites for transcription 

factors [2], transcriptional co-activators [24], general transcriptional machinery [25], and 

chromatin states [26], ChlP-seq is one of the main techniques being used to understand 

regulatory regions of the genome in the ENCODE (Encyclopedia of DNA Elements) [7] 

and modENCODE projects [6,8]. There is thus a pressing need to develop and improve 

computational techniques that can extract useful information from ChlP-seq datasets. We 

show that Inspector  is able to find highly predictive motifs from ChlP-seq data, and that 

it improves on the existing algorithms being used for such analysis.
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4.1 Background

Chromatin immunoprecipitation (ChIP) is an experimental technique that measures 

in vivo binding of proteins to genomic DNA (Fig. 4.1). The first step in a ChlP-seq 

experiment is the addition of a nuclear protein extract to genomic DNA, followed by 

cross-linking to reversibly stabilize protein-DNA interactions. The DNA is then sheared 

by sonication and immunoprecipitated with an antibody specific to the protein of interest. 

After washing away unbound DNA, the cross-linking is reversed and the protein is digested 

away. The end result of this process is DNA that represents the broad regions (300-1000 

bp) that were bound by the protein of interest.

To identify these DNA regions, we can use either hybridization to a microarray (ChlP- 

chip) [1] or deep sequencing (ChlP-seq) [2]. As deep sequencing has become more 

affordable, ChlP-seq has become the method of choice, as it is easier to simply sequence 

the DNA fragments than design microarrays that can ensure adequate coverage of large 

genomes. Once the fragments are sequenced, we can map them to known genomic 

locations and get read counts across the genome. As a control to identify sequencing biases 

that can affect the intensity readout, the procedure is repeated with input genomic DNA 

and the immunoprecipitation step is skipped.

At this point, a peak-calling program such as PeakSeq [27] or MACS [28] is used to 

convert mapped reads into peaks that represent actual binding locations on the order of 

100-200 bp. In order to find the exact DNA sequences (6-20 bp) that were bound by the 

protein, we can use a motif finding algorithm on some set of the peaks that we consider
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Figure 4.1: Using ChIP to find genomic binding locations of proteins.

as definitively bound. This set of peaks can be based on rank (“top n peaks”), but in 

experimental design that include a control, we can calculate a false discovery rate (FDR) 

for each peak. The FDR can be used to standardize the stringency with which peaks are
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classified as as bound.

Traditional motif finding algorithms such as MEME and W eed er  can identify over­

represented sequence motifs from ChIP datasets, but are limited in their ability to handle 

large numbers of sequences [12]. Best practice when using these algorithms is to choose a 

small number (200-500) of the highest scoring peaks (lowest p-value or FDR). While this 

approach works reasonably well to identify sequence patterns corresponding to the sites 

that are bound strongest, it underestimates the sequence diversity to which the protein can 

actually bind.

Increasingly, the trend in ChlP-seq analysis is to use discriminative motif finders such 

as A m a d e u s  and DREME. These algorithms can use the full set of ChlP-seq peaks (on 

the order of 1000s) and still find motifs in a useful timeframe. There is however room for 

improvement. ChlP-seq was done for 23 worm TFs as part of the modENCODE project, 

but predictive motifs were found for only 8 of these TFs. Assuming that the datasets 

themselves are of good quality, a better algorithm may find more predictive motifs.

4.1.1 Human transcription factors

In order to compare In spe c t o r  with the motif-finding algorithms DREM E and 

A m a d e u s , we used ChlP-seq datasets for three human TFs:

1. CTCF

CTCF (CCCTC-binding factor) is a zinc-finger protein that has multiple regulatory 

functions including transcriptional regulation and insulation [29], While most TFs
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have binding sites in proximal promoters, the vast majority of CTCF binding sites are 

found quite far away from coding sequence, possibly indicating that its mechanism 

of action involves long-range genomic interactions. Therefore, expression-based 

methods such as those described in Chap. 6 would be unlikely to find CTCF binding 

sites.

2. NRSF

Neuron-restrictive silencing factor (NRSF) (also called REST) is a repressor of 

neuronal gene expression in mammals [30,31], It binds to a 21 bp DNA sequence 

element called the neuron-restrictive silencing element, or NRSE, which was initially 

identified by deletion analysis of the promoter of the neuronal protein SCG10 [31] 

as having the consensus sequence TTYAGHACCRCGGASAGHSCC. NRSF was 

the first mammalian protein whose genomic binding locations were determined by 

ChlP-seq [2].

3. ER

The estrogen receptor (ER) is a nuclear hormone receptor with two mammalian 

forms, ER-o and ER-/3 [32]. ER can function as a homodimer or a heterodimer, 

and activates transcription in its target genes when activated by its ligand, estradiol 

(E2). The E2-ER complex binds to estrogen response elements (EREs), classically 

represented by the palindromic consensus sequence CAGGTCAnnnTGACCTGA.
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4.2 Methods

4.2.1 Human ChlP-seq data

We used publicly available ChlP-seq data for three human transcription factors:

1. CCCTC-binding factor (CTCF) binding in the Gm 12878 cell line [33];

2. neuron-restrictive silencer factor (NRSF/REST) binding in the Jurkat T cell line [2];

3. the estrogen receptor (ER-a) in the MCF-7 cell line [25],

For each dataset, we downloaded the raw data from the Gene Expression Omnibus 

(GEO) database. We reprocessed the raw data using the MACS algorithm [28] with 

default parameters and used a stringent false discovery rate threshold of less than 0.01% to 

designate high confidence peaks as the positive set. This process resulted in positive sets 

with 5444, 2417 and 1225 peaks for CTCF, NRSF and ER respectively. A 300 bp window 

of genomic sequence around each peak was used for analysis.

4.2.2 Mouse ChlP-seq data

We used previously published ChlP-seq data for thirteen mouse transcription factors in 

mouse embryonic stem cells [34]. For the mouse ESC datasets, we used the set of bound 

sequences defined by [34] as the positive set. These datasets had been previously analyzed
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with the DREME algorithm using this exact positive set [12], and therefore we used the 

same parameters so as to compare with DREM E’s performance.

4.2.3 Worm data

We analyzed ChlP-seq data for C. elegans transcription factors from the modENCODE 

project [6]. We used the peaks designated in [35] as appropriate for downstream analysis, 

so as to allow for optimal comparison with the results from that study.

4.2.4 Negative sets

We have the freedom to select negative sets larger than the positive sets, which usually 

lead to more predictive motifs. For each positive set, we generated a negative set with 

twice the number of sequences as the positive set. The sequences in the negative set were 

chosen randomly from the genome and matched in length, repeat fraction and GC content 

with the sequences in the positive set using a previously published procedure [36].

4.2.5 Analysis with motif finding algorithms

We analyzed the human ChlP-seq datasets with DREME, A m adeu s and In spec to r . 

The mouse datasets were analyzed with INSPECTOR, and the results compared to previously 

published results using DREME. The C. elegans datasets were analyzed using Inspector  

alone, since for most of the 26 TFs assayed, there was no gold standard with which to
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compare the results.

DREME was run using both the positive and negative datasets. DREM E has a mode 

in which a scrambled version of the sequences in the positive set are used as the negative 

set, but in order to match the inputs to the other algorithms, we used a true negative set. 

DREME requires parameter specifying the number of columns in the motif, and we used 

a range from 6 to 20 columns (“-mink 6 -maxk 20”). The highest scoring motif reported 

regardless of length was used for comparison.

A m a d e u s  was run using the combined positive and negative sets as the background 

and the positive set as the search space. A m a d e u s  does not have a way of doing a single 

run with different numbers of columns in the motif, so we performed independent runs 

with 6 through 20 columns. The top ranking motif from each run was evaluated and the 

highest scoring motif used for comparison.

In spe c t o r  was run in fixed search space mode, with the positive set as the search 

space and the positive and negative sets as background. We used a 3rd order background 

model. We tried background models of order 0 through 5 on the human ChlP-seq datasets, 

and the impact of the background model on the predictive power was minimal and showed 

no consistent trend (Fig. 4.2).

4.2.6 Motif evaluation

We scanned the positive and negative sets with the motif being evaluated using 

ScanACE and ranked the sequences according to the highest scoring site in each se-
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Figure 4.2: Effect of background model on Inspector  ChlP-seq results The graphs 
show the impact on auROC for three datasets of the order of the background model. There 
was very little change in auROC with the use of higher-order background models.

quence. We used this ranking to plot a receiver operator characteristic (ROC) curve and 

used the area under the ROC curve (auROC) as a measure of how well a motif was able to 

discriminate between the positive and negative sets.

4.3 Results

4.3.1 CTCF

We searched for motifs in ChlP-seq data for CTCF using DREME, A m a d e u s  and 

In spec to r . The top motif found by each algorithm was evaluated and the auROC values 

compared.

The motif found by INSPECTOR was by highly predictive, with an auROC value of 

0.941. No motif in JASPAR was more predictive on this dataset: the canonical motif 

(JASPAR ID MAO 139.1) itself had an AUC of 0.938. In comparison, the motifs found by
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DREM E and AMADEUS were much less predictive, with auROC values of 0.73 and 0.88

respectively. The ROC curves for all three motifs and the motifs themselves are shown in 

Fig. 4.3.
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Figure 4.3: INSPECTOR finds a more predictive CTCF motif than DREME or 
AMADEUS On the left are the ROC curves for the top motifs found by each algorithm, 
with I n s p e c to r  in green, DREME in red, and A m a d e u s  in brown. The auROC values 
are listed on the ROC plot. On the right are the actual motifs found, with the canonical 
motif at the top.

We examined the actual motifs found from this dataset by the three algorithms. It 

seems that DREM E finds the core CTCF motif, but not the adjacent bases. A m a d e u s  

does find the whole motif, but has several positions where the PWM is more stringent 

than the canonical motif, and this stringency presumably prevents it from finding weaker 

instances of the motif. INSPECTOR finds the motif closest to the canonical motif, including 

slightly informative positions at the edges of the motif.
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4.3.2 NRSF

We analyzed ChlP-seq data for NRSF using DREME, A m a d e u s  and In spec to r  as 

described for CTCF above. The Inspector  motif was once again the most predictive with 

an auROC of 0.906. While the auROC for the A m a d eu s  and DREME motifs were lower 

(0.886 and 0.84 respectively) the INSPECTOR motif was more discriminative by a smaller 

margin than in the case of CTCF. However, when comparing the ROC curves themselves, 

it is clear that the motif found by INSPECTOR shows much higher discriminative power 

than the other two motifs. The ROC curves and motifs are shown in Fig. 4.4.
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Figure 4.4: I n s p e c t o r  finds a m ore predictive NRSF m otif than DREME or 
A m a d e u s  On the left are the ROC curves for the top motifs found by each algorithm, 
with Inspector  in green, DREME in red, and A m a d e u s  in brown. The auROC values 
are listed on the ROC plot. On the right are the actual motifs found, with the canonical 
motif at the top.
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canonical NRSF motif from JASPAR (MAO 138.1). Both the DREME and the A m adeus 

motifs are shorter than the canonical and INSPECTOR motifs.

We also analyzed ChlP-seq data for the estrogen receptor (ER) using the three algo­

rithms. Once again, INSPECTOR found a more predictive motif (auROC=0.796) compared 

to DREME (0.745) or AMADEUS (0.760). Examination of the ROC curves shows that 

the difference lies in the important part of the ROC curve, i.e. at low false positive rates. 

The Inspector  motif recovers 59% of the positive regions at a false positive rate of 10%, 

compared to about 45% for the AMADEUS and DREME motifs.

Figure 4.5: INSPECTOR finds a m ore predictive ER m otif than D R E M E  or
A m a d e u s  On the left are the ROC curves for the top motifs found by each algorithm, 
with Inspecto r  in green, DREME in red, and A m a d e u s  in brown. The auROC values 
are listed on the ROC plot. On the right are the actual motifs found.
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Inspector 0.796 
Amadeus 0.745 

DREME 0.760

0.0 0.2 0.4 0.6 0.8 1.0
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Both In spec to r  and A m a d e u s  find the full motif (AGGTCAnnnTGACCT), while 

DREME only found the half motif (AGGTCA). As in the case of CTCF, the A m a d e u s  

motif seems to be too stringent in certain positions, such as the thymine to the left of the 

first half-motif, and assigns a high probability to cytosines for the middle three nucleotides. 

The Inspector  motif seems to be highly symmetric; corresponding positions in each half 

motif are equally degenerate. This quality is not shared by the A m a d e u s  motif.

4.3.4 Summary of human ChlP-seq results

We note that In spe c t o r  consistently finds longer and more discriminative motifs 

than either DREM E or A m a d e u s , although all three algorithms are trying to optimize 

discriminative objective functions. It is not clear if there is a systematic bias towards 

shorter motifs inherent in the DREME and/or A m a d eu s algorithms. As these algorithms 

are word-based, we speculate that finding high-scoring exact matches to long k-mers or 

regular expressions is not likely and that these long words get filtered out at an early stage 

in the algorithm. On the other hand, as a entirely PWM-based algorithm, In sp e c t o r  

is able to detect these longer motifs even with mismatches as instances of the PWM. 

Alternatively, it is possible that as k increases, the number of cases per A;-mer decreases, 

reducing the sensitivity of DREME and AMADEUS to longer motif signals.

We wanted to ensure that the better discriminative power of the motifs found by 

Inspector  was not due to overfitting, as a PWM based motif model has more parameters 

than a motif model based on words or regular expressions. We performed 5-fold cross­
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validation on the three datasets using INSPECTOR. The motifs found were almost identical 

to those found using each complete dataset, and the auROC for retrieval of the test set was 

the same as that for the whole dataset in each case.

4.3.5 Mouse transcription factors

We next ran Inspector on 13 TF ChlP-seq data sets generated in mouse embryonic 

stem cells [34], and compared our motifs to the previously published motifs found using 

DREME [12]. Motifs found by Inspector were similar, but not identical, to those found 

by DREME in each dataset. We evaluated the ability of the top motif in each dataset 

to recover positive sequences from each dataset as above using auROC. In 10 of the 13 

datasets, the top motif found by Inspector had higher auROC than the top motif found by 

DREME (Fig. 4.6). In the three remaining cases (Zfx, Klf4, Esrrb), the auROCs were 

almost identical. For some cases, the auROC values for the best single motifs are low, 

indicating more combinatorial regulation by those factors.
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Figure 4.6: M ouse C hlP-seq results In s p e c t o r  outperforms DREM E when run on 
ChlP-seq data for 13 transcription factors from mouse embryonic stem cells. The left panel 
shows a plot of the AUC for the top motif reported by INSPECTOR against the AUC for the 
top motif reported by DREME, while the right panel shows the improvement in AUC for 
the In spe c t o r  motif relative to the DREM E motif.

4.3.6 Worm transcription factors

We ran In spe c t o r  on the ChlP-seq data for 23 worm C. elegans from the modEN- 

CODE project [35]. We were able to find discriminative binding specificities for four 

factors, ELT-3, GEI-11, LIN-15B, and PQM-1, that were not reported in the original 

analysis (Fig. 4.7). The motif that we found for LIN-15B was also one of the top motifs in 

a genome-wide search for cis-regulatory elements using expression data, increasing the 

likelihood that it is functional.
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Figure 4.7: C. elegans modENCODE ChlP-seq results Bind­
ing specificities for 4 C. elegans transcription factors as learned 
by I n s p e c t o r  from ChlP-seq data from the modENCODE 
project.

4.4 Summary and Discussion

We ran INSPECTOR and two other discriminative motif-finding algorithms, DREME 

and A m ad eu s, on three human ChlP-seq datasets. Even when using a fixed search space, 

the use of a full PWM model results in I n s p e c t o r  finding more predictive motifs than 

those found by the other algorithms. The improvement in discriminative power was even 

more evident when looking at the critical part of the ROC curve, i.e. sensitivity at low 

false-positive rates.

We also ran INSPECTOR on a set of 13 mouse ChlP-seq datasets in mouse embryonic 

stem cells. We compared the motifs found with those found by DREM E on the same 

datasets. Once again, the motifs found by INSPECTOR predicted the data better than those 

found by DREME.
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The results above demonstrate the power of the full PWM motif model as compared to 

a fc-mer or regular expression motif model. To reiterate, the dynamic search space mode 

was not used here, and yet INSPECTOR found better motifs than other state-of-the-art motif 

finders that use simpler motif models. The TFs that were assayed had long motifs, and 

perhaps these motifs challenge the A:-mer/regular expression models more than shorter 

motifs would. To test this idea, we plotted the improvement in auROC (Inspector vs. 

DREME) for the mouse ChlP-seq datasets against the length of the motif (Fig. 4.8).
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Figure 4.8: auROC improvement vs. motif length. I n s p e c ­
t o r ’s improvement in auROC over DREME is not correlated 
with motif length on the mouse ChlP-seq datasets.

Finally, we analyzed ChlP-seq datasets from C. elegans generated by the modENCODE 

project. Motifs for 8 of the 26 TFs assayed had been previously published; we present here
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4 new motifs found by INSPECTOR. One of these motifs was also found in a genome-wide 

search using expression data, which makes it likely to be functional.
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Chapter 5

Motif finding with protein-binding 

microarrays

In the last chapter, we analyzed data generated by chromatin immunoprecipitation. An 

important advantage of ChIP is that the measured binding recapitulates the in vivo binding 

of a protein. At the same time, the presence of other proteins in the nuclear extract adds 

noise to the binding signal at the sequence level. Canonical instances of a binding motif 

are often unbound due to the absence of a required cofactor or due to chromatin states that 

prevent binding. At the same time, we see indirect binding, where the protein of interest 

binds to another protein, which in turn binds to DNA, in the absence of a binding site for 

the former protein. Both of these results are valid biological signals and demonstrate the 

complex regulatory mechanisms that affect the formation of protein-DNA complexes, but 

do not strictly reflect the sequence preference of the protein being assayed.
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Protein binding microarrays (PBMs) directly measure the in vitro DNA binding speci­

ficity of a protein without the complication of co-factors and do not require an antibody to 

the protein of interest. [3]. PBMs were used to measure the binding specificities of 246 

candidate yeast TFs [5]. High confidence motifs were obtained for only 89 of these 246 

TFs, suggesting that there exists some scope for improvement in the analysis of the data 

from the PBM microarrays. Therefore, we decided to re-analyze the PBM data from this 

previous study using INSPECTOR.

Our results show that In spe c t o r  is able to find motifs that predict the PBM bind­

ing scores for probes better than those reported by S e e d -a n d -W o b b l e , an algorithm 

specifically designed to construct motifs from PBM datasets [3].

5.1 Background

5.1.1 Protein binding microarray design

PBMs are an attempt to measure the in vitro DNA binding specificity of proteins in 

an unbiased fashion [3]. The microarrays are designed using deBruijn sequences of order 

10 (of total length 410), which contain every possible DNA 10-mer exactly once. The 

deBruijn sequence is then computationally segmented into subsequences of length 35, 

overlapping by 9 bases, yielding a total of approximately 44,000 probe sequences. Each 

probe sequence thus contains 26 distinct 10-mers, with an overlap of 9 bases between
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adjacent fc-mers. The specific deBruijn sequences were chosen to also contain all possible 

10-mers spanning 11 bp with a single gap at any position to attempt maximal coverage 

of binding sites longer than 10 bp. Since each 10-mer is represented once, all 8-mers are 

represented 16 times and non-palindromic 8-mers are represented 32 times on the array 

after accounting for reverse complements.

Each of these probe sequences is attached to a constant 24 nt section, which is end- 

attached to the substrate. Primer extension using a primer complementary to the constant 

section, dNTPS and a small quantity of fluorescently labeled dUTP converts the single­

stranded oligonucleotides into dsDNA. The dUTP is used to estimate the amount of dsDNA 

at each probe spot during data normalization.

The protein of interest is expressed with an epitope tag, purified, and applied to the 

dsDNA microarray. The microarray is incubated with an fluorescent antibody specific 

to the epitope tag, and the intensity of the fluorescence from the antibody represents 

the amount of protein bound at each spot on the microarray. Generally, two different 

microarray designs derived from different deBruijn sequences are used to assay each 

protein, thereby allowing for correction due to probe effects, either from sequence context, 

from the position of k -mers within the probe, or due to position of the probe within the 

microarray design.

5.1.2 Analysis of PBM data using S e e d - a n d - W o b b l e

S e e d - a n d -W o b b l e  is an algorithm specifically designed for the analysis o f  PBM
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datasets [3]. For each £:-mer, it designates a foreground set consisting of all probes on 

the microarray that contain the A>mer, and all other probes form the background set. The 

probes on the microarray are also ranked according to their normalized intensity score. 

S e e d - a n d -W o bble  computes an enrichment score according to the following equation:

Enrichment score
B  + F

Ei. -  EA 
B  A (5.1)

where B  is the size of the foreground set, F  is the size of the background set, p s  is the 

sum of the ranks of the background set, and pA is the sum of the ranks of the foreground 

set. If two microarray designs were used, the average of the two enrichment scores is used 

for each k-mer was used. The enrichment score is a discriminative function and therefore 

Se e d -a n d -W o bble  belongs to the discriminative class of motif-finding algorithms.

In order to construct a PWM from enriched k-mers, S e e d -a n d -W o b b l e  first cal­

culates enrichment scores for all 8-mers with 3 gap positions, including cases where the 

gaps are at the ends of the 8-mer. The highest scoring such 8-mer is designated the seed. 

For each position of the seed 8-mer, the effect on the enrichment score of changing the 

current base to one of the other three bases is used to calculate the base probabilities at 

that position. Doing so for all positions of the seed yields the desired PWM.

As all of the data from [5] was analyzed with SEED-AND-WOBBLE and the motifs for 

89 TFs published, we used these motifs as a benchmark for INSPECTOR’S performance on 

the PBM datasets.
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5.2 Methods

5.2.1 Dataset and initial processing

We downloaded PBM data from the UniPROBE database [9] for the yeast transcription 

factors assayed in [5]. Though the original study assayed 243 transcription factors and 

predicted DNA-binding proteins, the published data is for only the 89 proteins for which

the authors were able to find a motif that satisfied their criteria.

We used the normalized 60-mer binding scores for motif finding with INSPECTOR. 

Unlike the 8-mer enrichment scores used by S e e d -a n d -W o b b l e , the 60-mer scores 

include the flanking anchor sequence which is common to all the 60-mer probes. We 

assumed that there could be motif occurrences at the junction of the probe sequence and 

flanking anchor, and we wanted to ensure that we were scoring that part of the sequence.

For each experiment, we fitted the normalized 60-mer scores to a log-normal distribu­

tion. We assessed the fit to this null distribution using Q-Q plots and observed that the fit 

was good, with deviation only at the tails of the datasets (Figure 5.1). Using the log-normal 

null distribution, we computed a p-value p for each probe binding score and used (1 — p)

as the binding score for analysis with INSPECTOR.
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Figure 5.1: Q-Q plots showing fit of PBM data to log-normal distribution. Q-Q plots 
for two experiments, Basl and Pho4-9, are shown.

5.2.2 I n s p e c t o r  analysis

For PBM data, we used the 60-mer probe sequences and the (1 — p) score as described 

above as the inputs to the INSPECTOR algorithm, which was run in “score” mode. As 

described earlier, the “score” mode uses a dynamic search space and weighted PWMs. 

We used a zeroeth order Markov model for the background; since the design of the PBM 

ensures equal coverage of all 10-mers, using a higher order background model would yield 

no additional information.

5.2.3 Motif evaluation

Probes with a p-value less than 0.1 were designated as the positive set, and probes with 

a p-value greater than 0.5 were designated as the negative set (other thresholds were tested 

as well, as described in the Results section). We scanned the positive and negative sets
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with the motif being evaluated using ScanACE and ranked the sequences according to 

the highest scoring site in each sequence. We used this ranking to plot a receiver operator 

characteristic (ROC) curve and used the area under the ROC curve (auROC) as a measure 

of how well a motif was able to discriminate between the positive and negative sets.

5.3 Results

We ran INSPECTOR using the dynamic search space mode using the set of 60-mer 

probes and their corresponding normalized binding scores. As a benchmark, we used 

the motifs reported in the original study as found by S e e d -a n d -W o b b le  [3 ,5 ]. We 

evaluated the top motif for each factor as described above, using the auROC as a measure 

of how well a motif predicted the binding data. We excluded 41 of the 132 experiments 

where either auROC was less than 0.75, thereby eliminating any experiments where neither 

algorithm found a sufficiently predictive motif.

As shown in Fig. 5.2, the motifs found by INSPECTOR outperformed those found by 

S e e d -a n d -W o bble  in 76 of the 91 experiments (83%). This performance improvement 

was consistent regardless of the p-value threshold used to define the positive set, or the set 

of bound probes. With p-value thresholds of 0.05 and 0.01, motifs found by INSPECTOR 

were more predictive in 83/104 (80%) and 93/119 (79%) experiments respectively (Fig. 

5.3.

Since auROC measures the quality of classification, we checked to see how well it
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Figure 5.2: M otifs found by INSPECTOR perform  better at retrieval o f  bound probes 
than the m otifs found by SEED-AND-WOBBLE. The barchart shows the improvement 
in the area under the receiver-operator characteristic curve (auROC), and the top motif 
found by INSPECTOR performs better than the SEED-AND-WOBBLE motif in the majority 
of cases where either motif has an auROC of 0.75 or better. Three representative ROC 
curves are shown, two (Gln3 and Pbf2-9) in which INSPECTOR outperforms SEED-AND- 
W o b b le  and one in which S e e d -a n d -W o b b le  is better (Sum 1-9). The red curve is 
the ROC for the S e e d -a n d -W o b b le  motif and the green curve is the ROC for the best 
I n s p e c to r  motif.

correlated with the ability of INSPECTOR motifs to predict the binding scores of all probes 

on the array. We calculated the correlation coefficient between the m otif score (score of
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threshold The barcharts shows the improvement in the area under the receiver-operator 
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set of bound probes. The top chart shows the auROC improvement with a threshold of 
0.01 and the bottom chart is with threshold 0.05.
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the highest scoring site) and the binding score of each probe. We then plotted the auROC 

against the correlation coefficient; our results show that auROC is a good predictor of the 

correlation coefficient for each experiment (Fig. 5.4).
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Figure 5.4: auROC and correlation coefficient are highly correlated. auROC 
is highly correlated with the correlation coefficient between motif scores and 
binding scores (R 2 = 0.93). Each point represents an experiment.
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5.4 Summary and Discussion

We use Inspector  to search for motifs in PBM datasets that had previously been ana­

lyzed with Se e d -a n d -W o b b l e , an algorithm specifically designed for PBM data analysis. 

In spite of its general nature, INSPECTOR shows marked improvement in finding predictive 

motifs from PBM datasets relative to the technology-specific S e e d - a n d -W o b b l e . We 

postulate that running INSPECTOR on the data for the remaining 157 yeast TFs would 

yield even more useful information from these experiments.

In addition, PBM has been used to interrogate the DNA binding specificity of several 

metazoan TFs and the data deposited into UniPROBE [9], It would be useful to analyze 

these datasets with INSPECTOR to find predictive motifs for metazoan TFs as well.
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Chapter 6

Motif finding using expression data

In earlier chapters, we have identified cis-regulatory elements using experimental 

techniques that assume prior knowledge of the regulating TF. In the absence of such 

knowledge, we can use an alternative approach that uses expression data to find gene 

targets.

Previous studies have attempted to detect regulatory elements by identifying sets of 

coregulated genes and searching for shared sequence motifs in the upstream regions of 

these sets of genes [4,14,21]. These efforts have involved clustering of genes based on 

their expression profiles followed by the use of motif-finding algorithms on the upstream 

regions of each cluster of genes. Given the biological and experimental noise inherent 

in expression profiles, these methods are limited in their ability to tease apart regulatory 

programs that results in similar expression profiles, as genes are assigned incorrectly to 

clusters and lower the sensitivity of the subsequent motif-finding step. INSPECTOR can use
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dynamic search spaces to perform a genome-wide search for regulatory elements without 

starting with any predefined coregulatory clusters, thus increasing sensitivity over the 

two-step approach. INSPECTOR tries to identify genes that have similar expression profiles 

and a shared sequence motif in their upstream regions, and iteratively refines the model of 

both the expression profile and the sequence motif. This approach, which we call dynamic 

expression clustering, was used to search for regulatory elements in genome-wide datasets 

that combined sequence and expression data.

6.1 Background

In the absence of binding data and known TFs, initial efforts to find cis-regulatory 

elements used similarity of expression profiles to detect regulation by the same TF or set 

of TFs [21,37]. The underlying principle was the concept of the regulow, genes that were 

targets of the same TF were likely to show similar patterns of expression (Fig. 6.1).

mRNA expression data was clustered to find sets of genes that were co-regulated. For 

each gene in a cluster, proximal promoter or sequence upstream of the start codon up to 

a certain length was extracted from the genome. Motif finding programs were then run 

on these upstream sequences to find sequence patterns that were over-represented, which 

were presumptive regulatory elements (Fig. 6.2).

Clustering of expression profiles and subsequent motif finding was successful in finding 

predictive motifs. The motifs found were used in Bayesian framework to learn combinato-
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Figure 6.1: A regulon consists of the gene targets o f a single TF or set of TFs. These 
gene targets are all induced or repressed by the same TF, and therefore should share a 
common expression profile.

rial rules that assigned genes to expression clusters using their upstream sequence. The 

framework of rules assigned 73% of yeast genes to their correct expression clusters [14]. 

This method was less successful in metazoans: it correctly predicted the expression about 

50% of the genes in C. elegans, and the fraction was lower in Drosophila and humans.

The greater genomic complexity of higher organisms is responsible for at least part 

of the loss of predictive power. However, it is also possible that the clustering of genes is 

confounded by noise in the expression data. For example, if two regulons have overlapping 

expression profiles, clustering might incorrectly assign some genes in each regulon to 

the wrong cluster (Fig. 6.3A). Another problematic situation arises when there is a
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Figure 6.2: Traditional motif-finding using expression data. Expression data was 
clustered to find sets of co-expressed genes. Motif-finding algorithms were then run 
on the upstream sequences of the genes in each cluster to find cis-regulatory elements 
(CREs).

large regulon whose broad expression pattern encompasses a smaller tightly regulated set 

of genes (Fig 6.3B). In both these cases, the motif-finding algorithm will have reduced 

sensitivity due to incorrectly precomputed clusters. We propose that In spe c t o r ’s dynamic 

expression clustering mode, which uses an integrated model for sequence and expression 

and does not use precomputed clusters, will have better sensitivity by alternating between 

expression clustering and motif optimization.

Three previously published methods have utilized a combined model for sequence 

and expression. The first method employed the concept of module networks to discover 

regulatory programs in yeast [38]. It had two drawbacks: it used precomputed clusters
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Regulon 2

Figure 6.3: Incorrect clustering o f  genes in regulons A: Two regulons have expression 
profiles that overlap (shaded region). Genes that lie in this expression space could be 
assigned to the wrong regulon. B: A small tightly regulated regulon has an expression 
profile that overlaps with a large loosely regulated regulon. Clustering is likely to find only 
one of these regulons, depending on the parameters used.

of genes and a known set of motifs and it required prior knowledge of the genes that 

coded for TFs. It also assumed that the expression of a TF would be correlated with that 

of its gene targets. There are cases where a TF is expressed constitutively, but does not 

bind to DNA or induce transcription until a further post-translational activation step to 

the TF [?]. Nuclear hormone receptors such as the estrogen receptor (ER) are another 

example: these TFs are present in the nucleus or cytoplasm until bound by their ligands, 

after which they bind to DNA and regulate expression of target genes [32]. In both these 

situations, correlation between the expression of the TF and its targets will be minimal.

The second method is the M EDUSA algorithm designed to discover sequence- 

expression programs [39]. MEDUSA has certain unique features: it builds a global 

regulatory program to explain the expression of all genes and can also identify condition- 

specific regulation. It successfully found regulatory motifs for the oxygen and heme

61



regulatory networks in yeast [40]. However, it also requires prior knowledge of TFs and 

co-expression of TFs with their targets. It also needs ChlP-chip data to fine-tune the 

discovered motifs, which may not be available.

The last method is A lleg ro , which uses A m a d e u s  as a motif finder in conjunction 

with an integrated sequence-expression model [41]. Unfortunately, it is limited to discover­

ing only 20 motifs at a time, which is far fewer than would be expected genome-wide in 

even a simple eukaryote, like yeast.

We believe that INSPECTOR represents an innovative approach to this problem space, 

and it does not suffer from the limitations o f  the existing algorithms.

6.2 Methods

6.2.1 Synthetic sequence-expression data

The sequence dataset consisted of 5000 sequences with lengths sampled from a Gaus­

sian distribution with mean 800 and standard deviation. The sequences were generated 

using a single nucleotide frequency distribution with the same GC content as yeast inter- 

genic sequences. Each sequence was assigned to one of 80 functional motifs, with varying 

numbers of sequences assigned to each functional motif to approximate small and large 

regulatory modules. An instance of the functional motif to which a sequence was assigned 

was seeded into the sequence. Finally, there were 20 non-functional motifs, and 4 of these
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were randomly seeded into each sequence.

Yeast has two large groups of genes that are anti-correlated in expression [42]. In 

conditions of environmental stress, a large set of genes is repressed, including proteins 

that are apart of the ribosome or involved in RNA processing, nucleotide biosynthesis and 

secretion. A second set of genes is induced in stress conditions and forms the environmental 

stress response. The expression diversity of yeast genes is therefore less than that of a 

perfectly random dataset (Fig. 6.4).

Random Yeast

Figure 6.4: Yeast genes show less expression diversity than a random dataset. The blue 
ellipse is the entire expression landscape, and the red circles depict clusters of correlated 
genes. In a random dataset, the gene clusters are spread throughout the expression 
landscape. In yeast, there are two main groups of gene clusters that are co-regulated.

In order to mimic the nature of yeast expression data, 40 of the functional motifs were 

designated as “growth” motifs and 40 were designated as “stress” motifs. Anti-correlated 

expression patterns were assigned to the “growth” and “stress” sets. Individual motifs 

were then assigned expression patterns sampled from a Gaussian distribution whose mean
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was either the “growth” or the “stress” expression pattern, according to whether the motif 

belonged to the “growth” or the “stress” set respectively. The expression pattern for 

individual sequences was sampled from a Gaussian distribution whose mean was the 

expression pattern of the functional motif contained in that sequence. Fig. 6.5 shows the 

co-expression characteristics of all the genes in the genome and cluster means for real 

yeast expression data and the synthetic dataset we used.

6.2.2 Yeast sequence-expression dataset

We extracted upstream sequences for all yeast (Saccharomyces cereviseae) ORFs as 

previously described [14]. We also created a combined gene expression dataset from three 

different yeast studies, which included cell cycle timepoints and various metabolic stimuli, 

for a total of 5228 genes across 292 conditions [42—44].

6.2.3 Worm sequence expression dataset

We extracted upstream sequences for all genes in C. elegans as previously described 

[14]. We also combined expression data from three different studies in C. elegans [45—47] 

for a total of 82 conditions and 5691 genes.

64



16 Yeast -8 S yn th e tic

* 4

c  ,2
<V "D >s 1 4->

C • 0>T3 >s 14->
"£} 0B TO -DO£  06

04

02 -

•S 08
S 3O
aZ os

04

02

08 OS 34 02 3 32 34 C« 08
Pairw ise c o rre la tio n  o f  g e n e s

38 38 04 C2 0 02 04 06 08
P airw ise c o r re la tio n  o f  g e n e s

09
Yeast

‘ 4
S y n th e tic

08
>s ' 23k**
C
<V

4->

C ,at
“O
>v 38

S 3  08 re 
S 3  
O
£  04

S 3TO
2  ”  

Cl .

03

o:

Pairw ise co rre la tio n  o f  c lu s te rs  Pairw ise c o rre la tio n  o f  c lu s te rs

Figure 6.5: Correlation characteristics o f yeast and synthetic expression data: The
left panels show the distribution of pairwise correlation coefficients between the expression 
profiles of individual genes for the yeast and synthetic datasets. The right panels show the 
distribution of pairwise correlation coefficients between the mean expression profiles of 
co-expressed clusters for each dataset.

6.3 Results

6.3.1 Synthetic sequence-expression dataset

To evaluate the performance of this approach on a simulated dataset, we ran INSPECTOR 

against the synthetic data described in Methods. To compare Inspector to the two-step
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Figure 6.6: INSPECTOR outperform s k-means
clustering and m otif-finding using A l ig n A C E ,
M E M E  and W e e d e r . I n s p e c to r  recovers seeded 
motifs from a synthetic sequence-expression dataset 
better than two-step procedures o f  k-means cluster­
ing and motif-finding using A lig n A C E , MEME and 
W e e d e r  as shown by a precision-recall curve.

approach, we also clustered the genes by using k-means clustering on the expression data 

and ran the motif finding algorithms A lignA C E , MEME and WEEDER on the upstream 

sequences of the genes in each cluster. We evaluated the ability of these individual methods 

to recover seeded motifs from the upstream sequences. INSPECTOR performed much better 

than the two-step approach, as shown by the precision-recall curve (Fig. 6.6). At a 10% 

false positive rate (90% precision), INSPECTOR recovered 85% of the seeded motifs, while 

the two-step algorithms recovered between 46% and 60%.
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6.3.2 Yeast sequence-expression data

We created a combined gene expression dataset from three different yeast studies, 

which included cell cycle timepoints and various metabolic stimuli, for a total of 5228  

genes across 292 conditions [42-44]. We compared the performance of INSPECTOR to 

that of a two-step process of clustering using k-means and motif-finding within clusters 

using AlignACE (km-aa).

The list of motifs generated by each algorithm was compared to a compendium of 

97 known yeast motifs using the COMPARE ACE program [4], INSPECTOR found more 

known motifs (65/97 or 67%) than km-aa (39/97 or 40%) at the same C om pareA C E  

threshold (Fig. 6.7).

We created lists of gene target for the predicted motifs for each method. We compared 

these gene lists against the lists of target genes found by ChlP-chip [13], using Fisher’s 

exact test. At a p-value threshold of 10~7, 40 gene lists produced by Inspec to r  overlapped 

significantly with gene lists from the ChlP-chip data, while only 30 target lists produced 

by km-aa showed significant overlap.
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Figure 6.7: INSPECTOR detects more
known yeast m otifs than the com bination  
o f k-m eans clustering and A l ig n ACE  
(km-aa). There were 97 known motifs in 
total. A C om pareA C E  score of 0.75 or 
greater was considered a match. ChIP tar­
get sets [13] were considered a match if the 
hypergeometric p-value for overlap was less 
than 10~7.

6.3.3 Worm sequence-expression data

We next used dynamic expression clustering to find motifs using Inspector on C. 

elegans expression data. To determine a significance threshold for reporting motifs, we 

repeated the search on randomized sequences as a negative control and observed the 

distribution of specificity scores for motifs found in the randomized dataset (Fig. 6.8). At 

a specificity score of 26 or higher, we found 135 motifs found in the real dataset and only 

10 motifs in the randomized dataset, which translates to a false discovery rate of 7.4%.
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Figure 6.8: Null distribution o f specificity scores for C. elegans data. In ­
s p e c t o r  was run on a randomized C. elegans sequence-expression dataset. A 
histogram of the specificity scores of the top 10000 motifs found is shown.

We took the top 100 motifs identified by INSPECTOR and removed motifs that had 

significant overlap in the list of their target genes with a higher scoring motif, leaving 

38 motifs in total. For each of the motifs, we used the list of target genes to perform 

enrichment analysis for Gene Ontology (GO) and Anatomy Ontology (AO) terms from 

Wormbase [48]. The top 20 motifs from this analysis are shown in Fig. 6.9 and Fig. 6.10, 

along with any enriched GO or AO terms.

Motif M 1 is the known GATA factor binding site. As expected, GO terms such as
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Figure 6.9: The top 10 m otifs found by I n s p e c t o r  in  a genom e-wide search  
of a C. elegans sequence and expression dataset. Alongside each motif is its 
specificity score and any Gene Ontology (GO) and Anatomy Ontology (AO) 
terms that were enriched in the list of target genes.

“small molecule metabolic process” and “hydrolase activity” are highly enriched in the set 

of target genes, while the AO terms “digestive tract” and “intestine” are also enriched.
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Motif M2 was previously found to be associated with the expression of muscle genes 

[49], and “locomotion” and “muscle cell” are the ontology terms most enriched in target 

genes. We note that several similar GA-rich motifs also have very high specificity scores 

and highly overlapping target gene sets, suggesting that the motif may be more degenerate 

than the highest scoring motif would suggest.

Motif M3 is novel and GO terms associated with ubiquitin-mediated proteolysis are 

significantly enriched among the target genes. The target genes include several F-box 

family proteins and non-coding RNAs.

Motif M4 matches a motif identified as the binding site for CEH-30 from modEN- 

CODE ChlP-seq data, while our own analysis of the LIN-15B ChlP-seq dataset from 

the modENCODE project identifies it as well (Fig. 4.7). CEH-30 ensures survival of 

male-specific neurons during development [50]. The GO terms “anatomical structure 

development” and “sex differentiation” are enriched in the target genes identified by In­

spector, supporting the hypothesis that CEH-30 binds to this motif. LIN-15B is implicated 

in the development of vulval cells [51]. In either case, though expression data analysis 

may not identify the factor that actually binds this motif, it is likely to be functional.

Motif M5 is another novel motif. The GO term “structural constituent of cuticle” and 

the AO term “cuticle” are enriched in the target genes. It is therefore likely that motif 5 

regulates genes involved in cuticle production, and the target list includes several genes 

involved in collagen (col) and lipid production (vit).
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Figure 6.10: Motifs 11 through 20 found by I n s p e c t o r  in a genome-wide search of
a C. elegans sequence and expression dataset. Alongside each motif is its specificity 
score and any Gene Ontology (GO) and Anatomy Ontology (AO) terms that were enriched 
in the list of target genes.

6.4 Summary and Discussion

We used INSPECTOR to search for cis-regulatory elements in a genome-wide fashion

using expression data and proximal promoter sequence. We first validated the applicability
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of the Inspecto r  algorithm to this problem using a synthetic sequence-expression dataset, 

and showed that INSPECTOR recovered more predictive motifs than using clustering in 

combination with existing motif-finding algorithms. We then did a similar analysis with 

real yeast data and found that INSPECTOR identified known cis-regulatory elements in 

yeast with greater sensitivity than clustering followed by AlignACE. Finally, we used 

In spec to r  to analyze sequence-expression data from C. elegans and found both known 

and novel cis-regulatory elements. These novel elements have very significant specificity 

scores and are candidates for experimental validation.
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Chapter 7 

Conservation of cis-regulatory elements 

in the nematode lineage

7.1 Introduction and background

Like coding regions, regulatory sequences in the genome show significant conservation. 

However, the level of conservation seen is generally lower than that in coding regions. Still, 

cross-species comparisons have been used successfully to identify cis-regulatory modules 

in a wide variety of eukaryotes [52,53].

While there have been several approaches that search for regulatory motifs using 

sequence conservation, these methods rely on an over-representation metric to find motifs. 

As a result, while they are generally safe from detecting unconserved non-specific motifs, 

they often find conserved non-specific motifs that reflect either signals to general transcrip-
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tional machinery or broad regulatory programs. Therefore, we wanted to see if optimizing 

discriminative power while using sequence conservation would yield any novel regulatory 

motifs.

For our analysis, we chose the four nematode species, Caenorhabditis elegans, Caenor- 

habditis brenneri, Caenorhabditis briggsae, and Caenorhabditis remanei. The genomic 

sequences for all these species are available. While C. elegans was the first metazoan 

genome published and is the best annotated of the four, basic analysis has mapped orthologs 

of C. elegans genes in each of the other three species. This knowledge of homology allows 

us to design datasets that we can use with INSPECTOR in two ways.

First, while there is limited gene expression profile data for C. briggsae, C. brenneri 

and C. remanei, we have extensive expression datasets available for C. elegans. We can 

therefore look for sets of genes that are co-regulated in the C. elegans context, and search 

for discriminative motifs in sets of their orthologs in the other species.

Second, we can utilize functional annotation available for C. elegans to build groups 

of genes that are involved in a specific biological process or cellular function. Groups 

of orthologs of these genes can then be used to look for regulatory motifs that control 

the same process or function in sister species. We have done this analysis for genes that 

are associated with the ribosome and proteasome, two groups of genes that are highly 

conserved not only within the nematodes, but also across a wide diversity of species.

Our hypothesis is that— given the relatively recent evolutionary divergence of these 

species from each other—we would expect to find similar regulatory motifs in each species.
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Any deviations from this hypothesis, especially where a single species seems to have lost 

or gained a regulatory motif, would imply that a change in the regulatory network has 

occurred within the nematode lineage.

7.2 Methods

7.2.1 Nematode sequence expression datasets

We created expression datasets for C. briggsae, C. remanei and C. brenneri by assigning 

expression profiles of C. elegans genes (see Chap. 6) to their orthologous genes (if present 

and known) in each species. We combined this expression dataset with the original C. 

elegans expression dataset. Up to 2000 base pairs of upstream sequence was extracted for 

genes from C. briggsae, C. remanei and C. brenneri. Along with the original C. elegans 

dataset, we created a combined sequence expression dataset for the four nematode species.

7.2.2 Ribosome genes

We downloaded a list of ribosomal genes in C. elegans from RPG [54]. We queried 

Wormbase [48] to find the orthologs for these genes in C. briggsae, C. remanei, and C. 

brenneri. We ran INSPECTOR in subset mode (fixed search space mode) with the set of 

ribosomal genes as the search space, and the set of all other genes as background. We 

did this both individually in each species as well as with a combined dataset for all four
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nematode species.

7.2.3 Proteasome genes

We used Wormbase to query for all C. elegans genes that were annotated with the 

Gene Ontology (GO) term “proteasome” or any of its children. We also queried Wormbase 

to find the C. briggsae, C. remanei, and C. brenneri orthologs for these genes. We ran 

In spe c t o r  in fixed search space mode with the set of proteasomal genes as the search 

space, and the set of all other genes as background. We did this both individually in each 

species as well as with a combined dataset for all four nematode species.

7.3 Results

7.4 Sequence expression datasets

We ran In spe c t o r  on the combined dataset for all four species, with orthologous 

genes sharing the expression profile o f the C. elegans ortholog. In this analysis, sequence 

patterns that score well would be discriminative as well as conserved.

Our results show that several of the motifs recaptiulate those found when searching 

in C. elegans alone (Figs. 6.9, 6.10). However, we do find three new high-scoring motifs 

(Fig. 7.1). We analyzed the list of gene targets of these motifs as predicted by INSPECTOR 

for over-representation of GO terms to attempt functional annotation. We also compared
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these motifs with known motifs in JASPAR with the Tomtom motif comparison program, 

which includes JASPAR as a query target [55].

The first motif is GGGTCTCGCCACGA/TCGTGGCGAGACCC. The GO term “ri­

bosome” is over-represented in the list of gene targets. This motif is also found when 

searching for motifs in the promoters of ribosomal genes (see below). The second motif, 

TTAAAGGNRCAT/ATGYNCCTTTAA, appears to be associated with meiosis and gamete 

generation, though the p-value is much higher than for the first motif. Both these motifs 

do not match any known motifs in JASPAR. The third motif, CGTAAATCBACA/TGTV- 

GATTTACG, weakly matches the motif for the yeast TF YPR015C CGTAAATCCT. No 

sufficiently specific GO term was significantly over-represented in its target genes.

s ^ G T C T C S e s s C G a  J I M G U J f e  M A M i
Figure 7.1: New nematode motifs from phylogenetic search with Inspector  These 
motifs were found when searching a combined sequence expression dataset from 4 nema­
tode species, but not when searching in C. elegans alone.

7.5 Proteasome promoters

We first ran INSPECTOR on the promoters of the proteasomal genes in each individual 

species. The top 5 motifs found by INSPECTOR in each species are shown in Fig. 7.2. 

The motif GATGACAAT was found in all four species, ranking first in C. elegans and
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C. remanei and second in C. briggsae and C. brenneri. Even in the two species where 

the GATGACAAT motif had the second highest specificity score, the scores of the first 

two motifs were essentially identical (21.10 and 20.71 in C. briggsae, 18.58 and 18.52 

in C. brenneri). Given its high specificity to proteasomal promoters and high degree 

of conservation, we propose that this motif is a novel regulatory element in nematode 

proteasomal promoters.

C. elegans C. brenneri

xL̂ A-

C. briggsae

? 5

C. remanei

TsG?GAGAsC?

TiA M sCA cGAa cGqcsa CsA 4 G C T G a  4 G G C A T G &
CGaCAJGsAa GCsGAsGCh  T sG L x

^.sAaaCô CGs iB?LCs*GAA GCsGAsGCai CggqI-sCGp̂ s

Figure 7.2: Proteasomal motifs in individual nematode species. The top 5 motifs 
reported by INSPECTOR in the ribosomal promoters of each species are shown. The 
GATGACAAT motif is boxed.
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Inspec to r  was also run on the combined proteasomal dataset. In this case, GATGA­

CAAT is the top-ranked motif, with a specificity score of 84.2 (Fig 7.3). The next highest 

ranked motif scores 30.2. Our results with the combined dataset reinforce the idea that this 

element is likely to be functional.

Figure 7.3: Proteasomal motif from com­
bined nematode dataset

7.6 Ribosome promoters

We searched for motifs in the set of upstream sequences of ribosomal genes in each 

nematode species. The top 5 motifs found by In sp e c t o r  in each species are shown in 

Fig. 7.4.

Inspector  consistently reports the GGGTCTCG/CGAGACCC motif in C. briggsae, 

C. brenneri, and C. remanei as most specific to ribosomal promoters. However, this motif is 

less specific to the ribosomal promoters in C. elegans, ranking third. This element was pre­

viously found to be over-represented in these promoters; it was also shown to be functional 

in vivo in a reporter construct. One ongoing hypothesis in our lab is that in C. elegans, 

this element has been incorporated into a transposable element and is therefore present
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elsewhere in the genome [56]. Supporting this theory, the GGGTCTCG/CGAGACCC 

octamer occurs 4583 times in the C. elegans genome, deviating significantly (p-value less 

than lO-300 from the expected frequency according to a GC-content model [57],

Another motif GGCCTAA/TTTGGCC is found in all four species. It is the second 

most discriminative motif found in C. briggsae and C. remanei, the third most discrim­

inative in C. brenneri and the fifth most discriminative in C. elegans. A third motif 

TTTCAGGTAA/TTACCTGAAA is found in all four species, though it is only the 14th

ranked motif in C. brenneri.

C. elegans C. brenneri C. briggsae C. remanei

TACGGUM'90

yCI&GTA !L_--JjCiCk

Figure 7.4: Ribosomal motifs in individual nematode species. The top 5 motifs reported 
by INSPECTOR in the ribosomal promoters of each species are shown. At least three motifs, 
GGGTCTCG/CGAGACCC (brown boxes), GGCCTAA/TTTGGCC (green boxes), and 
TTTCAGGTAA/TTACCTGAAA (blue boxes), are found in all four species.

81



We also ran INSPECTOR on the combined ribosomal dataset for the four species. The 

top 4 motifs found are shown in Fig. 7.5. In this case, the top-ranked motif is once again 

GGGTCTCG/CGAGACC. The motif ranked second is ACGGTnnCACTCG, which was 

ranked first in C. elegans and second in C. briggsae in the individual species search.

1 2

Figure 7.5: Ribosomal motifs in a combined nematode 
dataset The top 4 motifs reported by INSPECTOR in the ri­
bosomal promoters of the four nematode species.

7.7 Summary and Discussion

Our hypothesis was that optimizing for specificity in combination with sequence con­

servation would detect novel motifs. We used INSPECTOR to search a combined sequence- 

expression dataset for four nematode species, C. elegans, C. briggsae, C. brenneri, and

C. remanei. This analysis yielded several high-scoring motifs that were not reported in 

the individual species search in C. elegans, showing the power of using evolutionary 

conservation to find regulatory elements.
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We also investigated two specific groups of promoters in the four nematode species. 

In proteasomal promoters, we found a novel sequence element that is highly conserved 

across all four species. This element is a promising candidate for experimental validation.

In ribosomal promoters, the most discriminative elements differed between species. 

Given the high degree of conservation of the proteins themselves, the differences seen once 

again demonstrate that regulatory programs evolve at a faster rate than coding sequence. 

Furthermore, it is possible that chance genomic events such as transposition can lead to 

rapid changes in the regulatory programs of even closely related species.

We note here that none of the motifs found either for the proteasomal promoters or in 

the ribosomal promoters matched existing elements in JASPAR. One obvious possibility is 

that we do not have information about similar elements in other metazoans in JASPAR. 

Given the lack of conservation of regulatory elements between yeast and nematodes, it 

is also probable that despite the high level of conservation seen in the gene products, the 

cis-regulatory elements controlling their expression are much less conserved.
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Chapter 8

Discussion

In this thesis, we presented INSPECTOR, a novel motif-finding algorithm. We applied 

Inspector  to different kinds o f datasets, and our results show how each o f the innovative 

aspects o f INSPECTOR results in the detection of more predictive or discriminative motifs 

than existing algorithms.

First, we analyzed ChlP-seq data from multiple species with INSPECTOR in fixed search 

space mode and compared its performance to the discriminative algorithms DREME and 

AMADEUS. All of these algorithms use similar objective functions, but have different 

models for the sequence motif being optimized. INSPECTOR uses a full PWM model, while 

DREME uses regular expressions and A m a d e u s  uses A;-mers that are later combined 

into PWMs for final optimization. INSPECTOR finds more discriminative motifs than the 

other two algorithms—especially for TFs with long binding sites—and we believe we can 

attribute this improved performance to the use of the full PWM model.
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We next tested another innovative aspect of In s p e c t o r , the dynamic search space. 

We applied Inspector  to extract motifs from PBM data and compared its performance to 

that of Seed-and-Wobble, an algorithm designed specifically to analyze PBM datasets. We 

showed that INSPECTOR found motifs that predict the PBM binding data better than those 

found by Seed-and-Wobble.

Our third application of INSPECTOR was to conduct a genome-wide search for regula­

tory elements using expression data. We showed that INSPECTOR outperformed a two-step 

process of clustering genes by their expression profiles and subsequently searching their 

promoters for over-represented sequence elements, both with a synthetic dataset and with 

real yeast data. We also analyzed a sequence-expression dataset from C. elegans and found 

several novel putative regulatory elements.

Finally, we used Inspec to r  to investigate the conservation of regulatory elements in 

nematodes. In spe c t o r  analysis of a sequence dataset of 4 nematode species combined 

with expression data from C. elegans uncovered regulatory elements that were not found 

in the analysis of the C. elegans dataset alone. We also searched for regulatory elements in 

proteasomal and ribsomal genes, and found highly significant putative elements.

Generally speaking, any single motif-finding algorithm is easily outperformed by a 

meta-algorithm that combines the results from multiple motif finding algorithms [?]. We 

believe that In spe c t o r  should be part of any such ensemble, given its success as a 

discriminative motif finder in the context of a variety of different experimental datasets.
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8.1 Future directions

We plan two main directions in which the research from this thesis will be advanced:

1. Experimental validation of putative regulatory elements

Our analysis of nematode datasets with INSPECTOR detected several putative regu­

latory elements. We would like to validate these computational predictions in vivo 

using a reporter construct. If these elements are found to be functional, we would 

also like to characterize the functional significance of these elements by comparing 

the expression patterns seen with the reporter construct against a database of known 

expression patterns in C. elegans.

2. Ensemble learning of sequence motifs

Several datasets are being generated where we have a set of genomic regions whose 

defining characteristic is the downstream result of multiple protein-DNA binding 

events. For example, ChlP-seq datasets exist for the transcriptional co-activator p300, 

which is associated with enhancers [24], p300 can be recruited to enhancers by more 

than one TF, which means that searching for a single discriminative sequence motif 

is unsuccessful and an ensemble of sequence features does much better [36]. There 

is therefore a need for an algorithm that looks for a set of sequence patterns that can 

together discriminate between a positive and a negative set. Such an algorithm might 

attempt to simultaneously learn a group of motifs while optimizing some Bayesian 

objective function.
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