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Abstract
Identification of the mechanisms by which genes are regulated in eukaryotes is
one of the principal challenges of modern biology.

The emergence of genome

sequencing has facilitated the marked expansion of experimental and computational
approaches designed to address this challenge. Integrating and assessing this information
remains a major scientific endeavor that requires new and innovative application of
technology.

Furthermore, our limited understanding of the mechanisms of gene

regulation in eukaryotes has undermined our ability to understand the role of genetics in
gene regulation. Regulatory variants are thought to be responsible for a considerable
amount of the heterogeneity within our population and to be fundamental determinants of
health.

New experimental approaches offer the opportunity to effectively identify

markers of disease susceptibility in gene regulatory regions but the discovery of the
molecular mechanism of dysregulation remains difficult and time-consuming. It is here
where computational approaches are required to prioritize candidate regulatory variants.
To do so requires the development of an extensive control set from which characteristic
signals can be identified.
This thesis introduces novel approaches for discovering, utilizing, comparing and
visualizing regulatory element predictions in completed genomes.

This thesis also

introduces novel bioinformatics infrastructure for curating regulatory element and variant
datasets, and introduces the largest-available, open-access dataset of functional regulatory
variants hand-curated from literature. This dataset is used to identify signals which
discriminate functional variants from other variants in the promoter regions of human
genes using regulatory and population genetics-based computational approaches.
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Chapter 1: Introduction
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1.1 Background
Inheritance is a palate from which a landscape of diversity is created. Each
selected brush stroke depicts a lineage that traces back to life’s first origins. Each period
of this lineage possesses its own style as Van Gogh is to the Cambrian Era what Monet
might be to the Silurian Era. The study of genetics is an inquisition into the art of life.
Its study analyzes how form relates to function, specifically, how change can delineate
the boundaries between species and the advantages and disadvantages possessed within a
population.
It was Mendel’s original discovery that traits are inherited by discrete “hereditary
factors,” later termed genes, which initiated the study of genetics as a scientific discipline
[1]. However, identifying the molecular mechanism of heredity would take nearly a
century after Mendel’s original discovery. Principally, the relative role of proteins versus
nucleic acids as being the primary molecular media for inheritance would remain debated
for the early part of the 20th century. Evidence suggesting the primary role of nucleic
acids in heredity was obtained in the 1940s by transformations in Streptococcus
pneumoniae; it was demonstrated that the removal of proteins by proteases allowed the
transmission of genetic characteristics, whereas removal of nucleic acids by a
deoxyribonuclease enzyme would impede transmission [2]. The principal role of nucleic
acids as the molecule of heredity would be definitely proven by Hershey and Chase
through differential localization of radioactive proteins and nucleic acids in bacterium
and phage coats during viral reproduction [3].

The structure of that nucleic acid

molecule, DNA, would be elucidated a year later by Watson and Crick through formative
information from Wilkins and Franklin [4,5].
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The genetic equivalent of Thomas Wolfe’s “kernel of eternity,” however, has
been the gene, an essential molecular pattern from which all other things proceed1 . It
was in parallel to the discovery of DNA, as the principal molecule of heredity, when
insight into the molecular nature of genes started advancing. The locations of genes were
determined to be within chromosomes by analysis of sex-linked inheritance patterns of a
white-eye mutation in Drosophila melanogaster [6].

In 1941, Beadle and Tatum

demonstrated that a mutation in a gene location disrupts the process of a metabolic
pathway--a formative step towards our modern understanding that genes encode proteins
[7].

In 1966, the elucidation of the genetic code that maps amino acids, the basic

structural units of proteins, to DNA provided the fundamental link between genes and
proteins (reviewed in [8]). As the result of these discoveries, geneticists have since been
striving to determine how many genes there are, how each works, and what each is
responsible for.
The recent introduction of genomic science has revolutionized research on
questions pertaining to the nature of genes and genetics. Modern genomic science was
born through the introduction of DNA sequencing in 1977 when Frederic Sanger
sequenced the 5368 base pair viral genome of bacteriophage φX174 [9]. For the first
time, the full DNA sequence, or genome, of an organism could be determined. Each
genome sequenced provided the necessary foundation to begin to identify the full gene
complement of an organism and to determine organizational properties relevant to each
1

Thomas Wolfe (1900-38) was an American short story writer. This quotation is from his work “Of Time
and the River”. In its original form it is written, “At that instant he saw, in one blaze of light, an image of
unutterable conviction, the reason why the artist works and lives and has his being--the reward he seeks-the only reward he really cares about, without which there is nothing. It is to snare the spirits of mankind in
nets of magic, to make his life prevail through his creation, to wreak the vision of his life, the rude and
painful substance of his own experience, into the congruence of blazing and enchanted images that are
themselves the core of life, the essential pattern whence all other things proceed, the kernel of eternity”.
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gene and its activity. DNA sequencing has since increased at a rate comparable to
“Moore’s Law” 2 and has fostered the growth of sequence databases in Europe, the United
States, and Japan, which now contain over 100 billion base pairs (Aug 2005). In 2001, a
3 billion base pair draft of the human genome was made publicly-available [10]. In the 5
years since, the genomes of over 300 organisms have been reported 3 , [13] including
mammals such as the mouse [14], rat [15], chimpanzee, [16] and dog [17]. This data
explosion has created a wealth of challenges as researchers attempt to organize and
analyze the features and relationships of many genes and genomes. It has also been a
major impetus for the introduction of computers to the repertoire of tools for geneticsbased inquiry and the establishment of bioinformatics as a research science.

1.1.1 Genome browsers
The organization of the data around genomes is predominantly achieved through
“genome browsers”. Most are sophisticated bioinformatics frameworks visualized across
the Internet. Among their more basic features, genome browsers, allow a researcher to
hone in on particular genomic loci to view the locations of annotations such as genes,
conserved elements, repetitive elements, and variants. Depending on which sequenced
organism or desired information is required, the choice of genome browser can be quite
different; for instance, nematode genome annotation is principally organized by
2

“Moore’s Law” popularly hypothesizes that transistor density will roughly continue to double every two
years. Less of a law than posit, it was originally proposed by Gordon Moore, a co-founder of Intel, in 1965
and has since held the test of time.
3
Completion of a genome is widely-variable depending on genome size and composition. Typically
several fold coverage of a genome is required to achieve a gold standard accuracy of approximately 1 error
every 1000 bases (reviewed in 11. Chan EY (2005) Advances in sequencing technology. Mutat Res 573:
13-40.). Furthermore, many repetitive, segmentally duplicated, centromeric and telomeric regions remain
unsequenced in the human genome due to technological challenges 12. International Human Genome
Sequencing Consortium (2004) Finishing the euchromatic sequence of the human genome. Nature 431:
931-945..
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WormBase[18], fruitfly genome annotation by FlyBase[19] and mammalian genome
annotation by both the UCSC Genome Browser [20] and EnsEMBL [21]. The typically
broad extent of accessibility and analysis provided by these genome browsers and their
relative strengths and weaknesses, are outside the scope of this thesis and have been
recently reviewed elsewhere [22,23]. Despite their utility, however, genome browsers
fundamentally lack the power to display features that may be of importance to the
dynamic metabolic processes of the cell (a compelling review of such topics can be found
in Webb et al. [24])

1.2 Thesis overview
The goal of this thesis was to develop predictive methodologies for identifying the
mechanisms involved in regulation of genes and the impact of single nucleic acid
changes upon them with the general aim of improving our understanding of how gene
activity is coordinated and how a change in this coordination can interfere with an
organism’s fitness.

Currently, there is a paucity of genes with defined regulatory

architecture and scarcer information on the phenotypic effects of mutation on regulatory
elements. The reason for this is primarily due to the absence of an accurate, low-cost,
high-throughput experimental assay. However, the rapid improvement in sequencing
technology and the completion of several model organism genomes, including our own,
has facilitated the use of bioinformatics-based techniques to aid in predicting regulatory
elements. Moreover, the completion of our own genome, and the application of efficient,
low-cost genotyping assays to different human populations, has produced a compendium
of common mutations. Both resources have allowed us to use inter- and intra-species
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comparisons to characterize the putative regulatory architecture of genes with the benefit
of reducing the quantity of targets required for functional validation either in establishing
the de facto role of a regulatory element or in elucidating the associated phenotype(s) of
regulatory mutations. It is known, and will be further illustrated, however, that selection
is not sufficient as the growing number of documented functional regulatory mutations
have demonstrated that a regulatory element is generally not so highly conserved as to
disallow all mutation but not so poorly-conserved as to not matter at all. For this reason,
as part of my thesis I have focused on combining information derived from population
studies with comparative analyses and information indicative of regulatory potential.
My overall approach to this thesis has been in three parts: the first part has been to
improve assessment and interpretation of regulatory element detection methodologies, the
second part has been to categorize documented regulatory elements and functional
regulatory mutations to improve the utilization of this knowledge in genomic sciences,
and the third part has been the development of a strategy for predicting functional
regulatory mutations by classifying different genomic features associated with regulatory
potential and natural selection. This comprehensive approach takes principal advantage
of current research in the bioinformatics of gene regulation and population genetics. The
majority of this introduction will provide the necessary background into these two active
fields of research that has guided the research I have conducted as part of this thesis.
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1.3 On bioinformatic analysis of gene regulation
1.3.1 Background
The study of gene regulation aims to identify the processes which control gene
expression. This control is intrinsically responsible for an organism’s development and
upkeep and ultimately describes fundamental aspects of its evolutionary ascendance.

1.3.1.1 Discovering the cis-acting model of gene regulation
The first breakthrough in understanding how genes are regulated at a molecular
level was through characterization of the regulatory dynamics of lactose catabolism in the
lac operon of Escherichia coli [25]. When the lac operon is expressed, two lactose
metabolism genes are expressed, lacY and lacZ.

The protein products of each

respectively are lactose permease, which facilitates transport of lactose through the cell
membrane, and B-galactosidase, which converts the disaccharide lactose into the
monosaccharides, glucose, and galactose. It had been originally observed, however, that
E. coli was able to preferentially metabolize glucose and lactose depending on each
metabolite’s presence in growth media ([26]; reviewed in [27]).

This preferential

metabolism could be observed using X-gal (a lactose analog, which is typically colorless
except blue when it is hydrolyzed by B-galactosidase).

E. coli cultures in media

consisting solely of glucose and X-gal would remain white while those in lactose and Xgal media would turn blue. Furthermore, when E. coli were irradiated, some of the
cultures in glucose media would also turn blue. By mapping this mutation to a new gene
location, called lacI, Jacob and Monod hypothesized that this new gene product acted to
repress the expression of the lac operon. To confirm this, E. coli were transfected with
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an extra copy of the lacl gene and irradiated. Considering that it was a lower probability
that lacZ expressing cells in glucose media were the product of two lacl mutations,
identified mutants were theorized to have mutations in the regulatory control region of
the lac operon. These mutant sequences, when transfected into wild-type E. coli, would
still produce the mutant phenotype suggesting that the mutation is cis-acting in that the
wild-type non-coding region is bound by lacl to repress lactose catabolism.
These observations remain of fundamental importance to our current
understanding of gene regulation. The role of proteins (termed transcription factors,
which bind control sequences in DNA to alter the expression activity of adjacent genes)
has only become more predominant. It is the comprehensive identification of both the
transcription factors and their cognate binding sites that remain a primary focus for many
biologists.

1.3.1.2 Current model of gene regulation
Our current understanding of gene regulation as it applies to higher-order
eukaryotes encompasses a variety of architectural components which aid in facilitating
gene expression. The central components for each protein-coding gene typically include
at least one proximal promoter region controlling the constitutive expression of the target
gene and multiple enhancers or locus-control regions governing tissue- and stage-specific
expression of multiple genes 4 (see Figure 1). Characterization of well-known regulatory
4

Several longer-range and more generic mechanisms exist for controlling gene expression but will not be
covered here including the repressive effects of small ncRNAs, transcript stability modifiers, boundary
elements (insulators) which control the extent of a regulatory regions effect and histone acetylation and
DNA methylation status which both effect the accessibility of transcription factors to regulatory regions
(reviewed in 28. Ross J (1996) Control of messenger RNA stability in higher eukaryotes. Trends Genet 12:
171-175, 29. Almeida R, Allshire RC (2005) RNA silencing and genome regulation. Trends Cell Biol 15:
251-258, 30. Robertson KD (2005) DNA methylation and human disease. Nat Rev Genet 6: 597-610, 31.
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regions (promoters and enhancers) has demonstrated that there are typically four to eight
transcription factor binding sites per region [38]. The composition of each regulatory
region encodes a specific program for the development and maintenance of an organism;
each attenuates expression levels as necessary in the formation of different morphologies
and in response to external stimuli.

Chen ZX, Riggs AD (2005) Maintenance and regulation of DNA methylation patterns in mammals.
Biochem Cell Biol 83: 438-448, 32. Holmes R, Soloway PD (2006) Regulation of imprinted DNA
methylation. Cytogenet Genome Res 113: 122-129, 33. Attwood JT, Yung RL, Richardson BC (2002)
DNA methylation and the regulation of gene transcription. Cell Mol Life Sci 59: 241-257, 34. Mizzen CA,
Allis CD (1998) Linking histone acetylation to transcriptional regulation. Cell Mol Life Sci 54: 6-20, 35.
Bashirullah A, Cooperstock RL, Lipshitz HD (2001) Spatial and temporal control of RNA stability. Proc
Natl Acad Sci U S A 98: 7025-7028, 36. Capelson M, Corces VG (2004) Boundary elements and nuclear
organization. Biol Cell 96: 617-629, 37. Udvardy A (1999) Dividing the empire: boundary chromatin
elements delimit the territory of enhancers. Embo J 18: 1-8.).
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Figure 1: Gene transcription machinery
Chromatin (green) is uncondensed to allow gene transcription. General transcription factors bind
promoter regions (yellow) to initiate basal transcription. Activators or repressors (transcription
factors) bind enhancers (red and blue) to modulate transcription in a tissue- and stage-specific
manner. RNA polymerase II (blue) transcribes messenger RNA (purple) as it traverses the gene’s
DNA (grey).

The role of a promoter region is typically to initiate transcription by positioning of
the core transcription machinery. The upstream non-coding region immediately proximal
to a gene has canonically been the first region investigated for “regulatory potential”, or
its ability to drive gene expression, when identifying a promoter.

These candidate

promoter regions are typically easy to find as extensive cDNA and expressed sequence
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tag (EST) libraries can be used when available to demarcate the coding boundaries of a
particular gene and, in cases where they do not provide sufficient coverage, gene
identification can be supplemented or complemented with gene prediction software.
However, identifying the locations of alternative promoters, which can regulate the
production of alternative transcripts, has required definitive determination of the
locations of transcription start sites (reviewed in [39]). Recent genome-wide discovery of
transcription start sites in human and mouse, has also found supporting evidence for
promoters existing within exons [40] or within the 3’ end of genes [40-42]. Inspection of
candidate promoter regions proximal to the transcription start site has identified two
classes: conserved promoters containing a TATA-box and an INR (initiator) element, and
promoters, which are less conserved but more CpG rich [40,43]. The former class has
been studied in detail and generally involves the recruitment of a combination of general
transcription factors (GTFs) to generate a pre-initiation complex, which initiates RNA
polymerase II-mediated transcription (reviewed in [44,45]). The latter class is found
predominantly in the promoter regions of house-keeping genes. Since Methyl-C of CpG
dinucleotides tends to decay to TpG/CpA dinucleotides, their presence suggests
functional constraint in these regions [46]. Furthermore, the presence of CpG islands has
been identified to help maintain the methylation status of associated genes and it has been
proposed that they are associated with promoters that are transcriptionally active in
totipotent stages of development [47].
The role of enhancers and locus control regions is generally to facilitate spatiotemporal transcriptional activity at physiological levels for a set of genes. Their function
is not necessarily too different from that of promoters, as RNA polymerase II and GTFs
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have been identified as being recruited to enhancer elements [48-51]. This has suggested
that enhancers act as centres for transcription factor recruitment [52], and further suggests
their role in facilitating RNA-Polymerase II-mediated transcription in CpG promoters.
Enhancers are generally different from promoters, in that they are typically orientationindependent, can be located distally to their target genes, and that their transcriptional
control program can modify the basal level of gene expression in a copy numberdependent manner (reviewed in [53-55]). Only a few enhancers and locus control regions
have been extensively researched; among the best examples of these are the ß-globin
LCR in human [54] and the Evenskipped stripe 2 enhancer in D. melanogaster [56].
Within either enhancers or promoters, specific combinations of transcription
factors bind to target DNA sites to execute a transcriptional program.

As discussed, a

typical enhancer or promoter contains 4-8 transcription factor binding sites and both can
recruit GTFs and RNA polymerase II. There is also a large variety of other transcription
factors that can be sequestered to individual regulatory regions. In humans, there are an
estimated 1900 transcription factors which can be organized into individual transcription
factor families based on DNA binding domains including zinc finger proteins, helix-turnhelix proteins, leucine zipper proteins, and helix-loop-helix proteins [57]. Each binds a
characteristic DNA motif tolerant of degeneracy that can stretch from as small as 5bp for
Pax-4 or HOXA5 to as long as 30bp for HSF or OCSBF-1.

The small size of

transcription factor binding sites, the quantity of available transcription factors, and the
lack of precise, high-throughput identification techniques have made the determination of
these elements and associated transcription factors analogous to finding the proverbial
needle in a haystack.
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1.3.1.3 Current strategies for improving our understanding of gene regulation
Defining which transcription factors are involved in a particular transcriptional
program of an individual gene requires considerable effort, let alone identifying the
complete regulatory network (all possible transcriptional programs) for an organism. An
international consortium has initiated the ENCODE project with the aim of identifying all
the functional elements in 1% of the human genome (30 Mb) [58]. Their approach has
required a combination of molecular biology-based and computational assays. These
types of strategies will be discussed in the remainder of section 1.3 with an extended
focus on the developments in computation-based techniques.

1.3.2 Biological assays for the identification of regulatory elements
1.3.2.1 Mutagenesis, reporter genes and binding assays
Classical genetics-based detection of regulatory regions typically involves finding
a measurable mutant phenotype through trans-acting or cis-acting mutation and/or
extracting a minimal amount of DNA to drive the expression of a reporter gene (typically
luciferase, chloramphenicol acetyl transferase (CAT), green fluorescent protein (GFP), or
lacZ.)

Jacob and Monod were able to take advantage of the former technique by

identifying equivalence between the phenotype of mutation in the lac promoter region
and mutation in the lacI transcription factor. The latter technique, however, has been
more systematically employed in techniques such as “promoter-bashing” or “linker
scanning.” In “promoter-bashing,” a series of truncated promoter fragments are fused to
a reporter gene and the relative effects on reporter gene expression activity are compared.
This technique, however, lacks the ability to detect expression driven by combinations of
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transcription factors. Although it is a more time-consuming and expensive experiment,
this limitation can be overcome in “linker scanning,” where a promoter fragment, fused
to a reported gene, is selectively mutated and the relative effects on reporter gene
expression activity are compared.
The detection of transcription factor binding sites has traditionally been
performed using electrophoretic mobility shift assays (EMSAs) or chromatin
immunoprecipitation. In EMSAs, DNA fragments are tested for their protein-binding
ability through observation of normal or impeded (protein-bound) gel shift patterns. The
implicated transcription factor(s) can be identified using a variant of this technique called
a supershift; DNA-protein complexes are incubated with antibodies against the
transcription factor of interest and when the correct antibody is found a further
retardation of the gel shifting pattern is observed. In chromatin immunoprecipitation,
protein and DNA are cross-linked using formaldehyde then sheared into smaller regions
and precipitated using antibodies against the transcription factor of interest. The crosslinks are then reversed and DNA can be purified from the precipitate and amplified to
determine if it is from the region of interest. These procedures are generally considered
laborious as without a priori information regarding the DNA fragments and transcription
factors to test, the test parameter space expands exponentially.
The limitations of all these techniques are not only that they are generally difficult
and time-consuming, but they are limited to solely identifying the regulatory regions and
transcription factors involved in the physiological conditions tested. Systematic effort to
characterize regulatory elements in multiple cell lines are currently underway as part of
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the ENCODE project; analysis of promoters predicted for transcription start sites in 16
different cell lines has identified 387 fragments that function as promoters [59].

1.3.2.2 High-throughput assays
Whole genome sequencing has facilitated the development and application of
high-throughput assays for the identification of regulatory elements.

Two principal

technologies are microarray-based chromatin immunoprecipitation (ChIP-chip) and
DNaseI hypersensitivity site mapping.
The ChIP-chip assay was originally applied to the yeast genome to identify
binding sites for the transcription factors Gal4 and Ste12 [60]. In this study, chromatin
immunoprecipitation was initially performed and then both the immunoprecipitated DNA
and the unenriched DNA were differentially labeled with fluorescent dyes. Each labeled
DNA population was hybridized to a microarray spotted with 6361 intergenic regions.
Fluroescence intensity was measured to identify intergenic sequences corresponding to
the enriched DNA fragments. Ten genes were identified as having binding sites for Gal4
and twenty-nine genes for Ste12. A principal challenge with this technique has been that
it is dependent on the number of regions that can be spotted to a microarray and the size
of the sheared fragments; mapping of transcription factor binding sites can only be
resolved to a resolution of 1-2kb. This technology has since been combined with highdensity oligonucleotide arrays to map transcription factor binding across ENCODE
regions for E2F1, MyC and RNA Polymerase II [61], human chromosomes 21 and 22 for
the estrogen receptor, Sp1, cMyc, and p53 [62,63], human chromosome 22 for CREB
[64], selected regions for menin, MLL1 and Rbbp5 [65] and 25% of the human genome
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for the general transcription factor TBP1 [66]. The majority of these studies suggest that
many thousands of transcription factor binding sites exist for each tested transcription
factor; this currently presents a further challenge to this technology as the promiscuity of
binding sites raises speculation as to the extent that binding is direct and/or will indicate
function [67,68]. A promising advance in ChIP-based technology has been described by
coupling chromatin immunoprecipitation with paired-end ditag (PET) sequencing [69].
ChIP-PET has been able to extend transcription factor binding site identification to the
whole genome while narrowing the target binding site to less than 100 bp; however, the
cost for each experiment still remains considerable.
DNaseI hypersensitivity site mapping is performed by digesting DNA with
deoxyribonuclease 1 (DNaseI) to cleave protein-free DNA. Cleaved DNA is hybridized
with a radio-labeled probe for a target region of interest. The sizes of the hybridized
fragments are used to map sites that are devoid of protein-binding.

This technique is

considered laborious and has traditionally been used in single genes. Genomic librarybased techniques, however, are now being applied to determine DNase hypersensitive
sites across multiple loci [70-72]. But like ChIP-chip experiments, these assays have yet
to be sufficiently scaled to a capacity that will efficiently survey a mammalian genome,
let alone mammalian cell lines.
A future highlight of these types of approaches will be their use in comparing
binding occupancy under different physiological conditions.
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1.3.3 Computational assays for the prediction of regulatory elements
A salient challenge with pattern discovery in biological sequences, as used to
detect transcription factor binding sites, has been that alignments are often insufficient for
identifying short re-occurring patterns. In other words, there is typically no common
organization in the biological sequences except for a short pattern which needs to be
recognized. Furthermore, the lack of a low-cost, highly-accurate biological assay for
identifying the location of regulatory elements in mammalian genomes has advanced the
development of a variety of bioinformatics methodologies and many more algorithms
with the aim of identifying and prioritizing candidate regulatory elements (reviewed in
[73-81]). These methodologies can be broken down into five major classes: those that: 1)
use a signal-based approach, where a promoter or transcription factor binding site is
determined from sequence composition; 2) use a database-driven approach, where new
predictions are made from previously constructed promoters or transcription factor
binding models; 3) use comparative genomics, where sequence conservation over
multiple organisms implies functional constraint; 4) use function-based information
(commonly from coexpression and gene ontology data); and 5) use architectural features
of regulatory regions, such as combinatorial binding patterns or DNA curvature. These
methodologies are not mutually exclusive as comparative and coexpression-based
approaches typically depend on de novo motif discovery algorithms or pre-existing
transcription factor binding models. This section will give considerable attention to each
of these methodologies and will discuss aggregate approaches and assessment techniques.
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1.3.3.1 Signal-based approaches (de novo)
Computational detection of regulatory elements is intrinsically dependent on an
algorithm’s ability to detect a signal that discriminates a functional regulatory element
from the null hypothesis. While this is the modus operandi of all regulatory element
prediction algorithms, a subset of those algorithms attempt to detect these signals from
sequence composition alone. This has most commonly manifested itself in algorithms
that predict regulatory regions from only GC and CpG content and algorithms that predict
transcription factor binding sites by searching a collection of sequences for short words
or ‘motifs’ which are overrepresented.

1.3.3.1.1 Regulatory region prediction from GC and CpG content
GC and CpG-island content are sequence composition metrics that have a known
relationship to regulatory regions and the maintenance of gene expression in mammals
[82-84]. Both low GC and CpG island content have a known correlation with chromatinmediated suppression [85]. In vertebrates, CpG dinucleotides are frequently methylated
and often mutate to TpG dinucleotides, except when found in high concentrations in CpG
islands where they remain unmethylated (reviewed in [86-88]).

In human genetic

diseases and cancers, CpG islands are frequent targets of mutation, highlighting their
importance in maintaining normal gene expression [89].

Furthermore, classes of

promoters are distinguishable from their GC composition around the transcription start
sites [82,90]. These distinguishing properties have been exploited to identify promoter
sequences in computational tools, like Eponine [91], CpGProD [92], FirstEF [93], and
CpGpromoter [94]. The relationship of CpG islands and regulatory regions, however, is
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not necessarily a direct one and is complicated by the existence of alternative types of
regulatory regions ([43]; reviewed in [86]).

1.3.3.1.2 de novo motif discovery
In 1979, the TATA-box was first elucidated by comparison of upstream noncoding sequences from a variety of species [95]. It was the first transcription factor
binding site identified in the core promoter of eukaryotes using direct sequence
comparison.

Since this discovery, the comparison of sets of sequences for short,

overrepresented patterns has become the de facto method for detecting new and
previously uncharacterized transcription factor binding sites in regulatory regions; and
the majority of advances have been in the optimization of the input and background
sequence sets and the number, variability, and length of patterns identified.
Motif discovery algorithms are designed to aid detection and modeling of short
patterns that are overrepresented in a set of sequences. Most are designed to allow a
degree of degeneracy which is representative of the relaxed specificity of most
transcription factor–DNA binding interactions. Two principal types of motif discovery
algorithms are generally available: those that are enumerative and those which are
designed to satisfy an objective function implemented based on a priori assumptions
regarding transcription factor binding. The enumerative algorithms, or “word counting”
algorithms, compile exhaustive lists of patterns; they are constrained by sampling space
and model assumptions. Specifically, for purely enumerative algorithms, the execution
time increases exponentially with motif size. Objective function algorithms for motif
finding have typically used modeling parameters to calculate probabilities for nucleotide
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arrangements at different positions within a motif, the most popular of which are Gibbs
samplers, which are discussed in Section 1.3.3.1.2.1. Other types of probabilities can
also be maximized, for example, by assuming there are a fixed number of binding sites
per input sequences (most algorithms typically assume there is only one) [96].
Performance of objective function algorithms are challenged by those sequences that do
not contain a motif, contain multiple motifs, or have particularly strong motifs masking
functional but more degenerate motifs.

Both objective function and enumerative

algorithms are challenged by transcription factor binding sites that do not satisfy
predefined motif width constraints.
Table 1 describes several well-used motif discovery programs which have been
investigated further as part of this thesis; for more information, a complementary list has
also been published by Tompa et al. [97]. It should be noted that neither list is complete;
one recent paper has suggested over a hundred motif discovery tools and provides a
thorough breakdown of the algorithms used by these techniques [81].

Table 1: Selected motif discovery algorithms

Program

Operating description

Teiresias [98]

An enumerative method that uses seeded sub-patterns to
reconstruct maximally-specific motif patterns.
Gibbs sampling-based algorithm that automatically
optimizes the alignment width and evaluates the statistical
significance of its output.*
Models the DNA-binding specificity of a transcription
factor using a weight matrix.*
Consensus-based method that enumerates exhaustively all
the oligos up to a maximum length and collects their
occurrences (with substitutions) from input sequences.*
Gibbs sampling algorithm that returns a series of motifs as
weight matrices that are overrepresented in the input set.*
Designed for ChIP-array-selected sequences. Combines

GLAM [99]
ANN-Spec [100]
Weeder [101]
AlignACE [102]
MDscan [103]
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word enumeration and position-specific weight matrix
updating.
MotifSampler [104]
Matrix-based, motif-finding algorithm that extends Gibbs
sampling by modeling the background with a higher order
Markov model.*
MEME [105]
Optimizes the E-value of a statistic related to the
information content of the motif.*
CONSENSUS [106]
Models motifs using weight matrices, searching for the
matrix with maximum information content.*
ELPH [107]
An open source Gibbs sampling algorithm. Assumes that
each sequence contains one copy of the motif.
Recursive Gibbs Sampler A Gibbs-sampling algorithm that incorporates a Bayesian
[108]
method for inferring the number and the locations of the
TFBS for multiple TF motifs simultaneously.
*Operating descriptions as previously reported in Tompa et al. [97].

1.3.3.1.2.1 Gibbs samplers
Gibbs sampling is a statistical method that has become popular in motif discovery
algorithms, because of speed and sensitivity. The original incarnation of the Gibbs
sampler, as published in 1993, required that a single motif was present in each of the
input sequences being analyzed [109]. These sequences are then scanned to maximize
the probability of observing a particular pattern against the background probability.
Specifically, a two stage approach is conducted:
1)

Predictive update step: A sequence is withheld and a randomlyselected pattern description and background frequencies are calculated
from the remaining n-1 sequences.

2)

Sampling step: Every possible motif of predetermined width within the
withheld sequence is considered as a candidate for the pattern
description (generated in Step 1). Each motif is weighted according to
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its probabilities from which a new pattern position is randomly
selected.
Using these steps, once a pattern is found by chance (whether complete or not)
subsequent iterations will weigh the pattern discovery as to drive it towards establishing
the strongest pattern. Since the inception of this technique, several tools have been
developed using and improving Gibbs sampling strategies; specifically, the original
authors of the 1993 publication have recently used heuristics approaches to allow the
Gibbs sampler to detect multiple conserved patterns [108].
The major difference between Gibbs sampling approaches and Expectation
Maximization (EM) approaches is that Gibbs sampling attempts to optimize a probability
function using unknown variables were EM approaches attempt to optimize a probability
function based on the means and modes of unknown variables through expected statistics.

1.3.3.2 Database-driven approaches
The computational prediction of regulatory regions and transcription factor
binding sites has been largely facilitated by the existence of databases describing
promoters and transcription factor binding sequences, of which there are several (see
Table 2). Each of these types of databases has provided a unique resource for addressing
specific challenges with regulatory element detection.

Table 2: Gene regulation databases

The Arabidopsis cisregulatory element
database (AtcisDB)
[110]

AtcisDB consists of transcription factor binding site
information, promoter sequence, and related annotations for
Arabidospis thaliana. Core promoters are predicted from fulllength cDNAs. 25,806 promoters sequences were annotated as
of September 2005.
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Arabidopsis thaliana
Promoter Binding
Element Database
(AtProbe) [111]
Arabidopsis
transcription factor
database (AtTFDB)
[110]
C. elegans promoter
database (CEPDB)
[112]
DBD: Transcription
factor prediction
database [113]

Resource integrating regulatory element information for
Arabidopsis thaliana from Entrez, PlantCARE, PLACE,
PubMed, and TRANSFAC. 172 binding sites for 118 binding
elements.
Contains 1,690 Arabidopsis transcription factors and their
sequences (protein and DNA) grouped into 50 (October 2005)
families with information on available mutants in the
corresponding genes.
Contains promoters for 618 C.elegans genes as of June 2006.

Contains transcription factor predictions for organisms based on
homology through HMM modeling of domains. Consists of
predicted transcription factors for 150 completely sequenced
genomes (37736 transcription factors).
Drosophila DNase1
A dataset based on a systematic literature curation and genome
Footprint Database
annotation of DNaseI footprints for D. melanogaster. Contains
[114]
1367 binding sites for 87 transcription factors in 101 target
genes from 201 primary references.
Eukaryotic Promoter
The Eukaryotic Promoter Database is an annotated nonDatabase (EPD) [115] redundant collection of eukaryotic POL II promoters, for which
the transcription start site has been determined experimentally.
The Drosophila
A database of fruitfly transcription factors. Contains 753
transcription factor
putative site-specific transcription factors of which 454 are
database (FlyTF) [116] well-supported.
Hematopoiesis
HemoPDB is composed of experimentally defined regulatory
Promoter Database
information, including TFs, cis-regulatory elements, their target
(HemoPDB) [117]
gene promoters and corresponding annotations, with links to
supporting published references with respect to hematopoiesis.
JASPAR [118]
An alternative to TRANSFAC, this database is open access.
This database produces tightly-controlled binding profiles with
strict quality restrictions.
This database provides a
programming API for improved access.
The Liver Specific
Contains liver-specific promoters and transcription factor
Gene Promoter
binding sites. As of June 2006, 178 specific genes are listed
Database (LSPD)
with 368 regulatory elements.
[119]
Mammalian Promoter Collection of promoter databases for human, mouse, and rat.
Database [120]
MPromDb [121]
Database for gene promoters with experimentally supported
annotation of transcription start sites (TSS), cis-regulatory
elements, CpG islands, and ChIP-chip experimental results.
Orthologous
A resource of mammalian gene promoters and their orthologs
Mammalian Gene
between humans and rodents.
Promoter datababse
(OMGProm) [122]
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Osteo-Promoter
Database (OPD) [123]
PLACE [124]
PlantCARE [125]
PlantProm DB [126]

Promoter Database of
Saccharomyces
cerevisiae (SCPD)
[127]
Regulatory Element
Database for
Drosophila
melanogaster
(REDfly) [128]
Riken Transcription
Factor Database
(TFdb) [129]
TRANSFAC [130]

Transcriptional
Regulatory Element
Database (TRED)
[131]
Transcriptional
Regulatory Regions
Database (TRRD)
[132]

Database that analyzes promoters of genes which differentiate
along with the osteogenic pathway.
PLACE is a database of motifs found in plant cis-acting
regulatory DNA elements as annotated from literature.
Contains 453 entries as of May 2006.
PlantCARE is a database of plant cis-acting regulatory
elements, enhancers, and repressors. Contains 668 cis-acting
regulatory elements.
An annotated, non-redundant collection of proximal
promoter sequences for RNA polymerase II with experimentally
determined transcription start site(s), TSS, from various plant
species.
Yeast promoter database containing multiple promoters and
transcription factor binding sites.
REDfly is a curated collection of known Drosophila
transcriptional cis-regulatory modules (CRMs). Contains 628
regulatory elements as of April 2006.
Contains non-redundant transcription factors predicted for
mouse.
A widely-used transcription factor site and matrix database.
Curators annotate transcription factor binding sites from
literature to assemble representative consensus sequences and
position weight matrices. Binding profiles are of diverse
quality and possess some redundancies. This database is not
open access.
A mammalian regulatory element database. Contains genomewide predictions of core promoters for human, mouse and rat.
Also contains expert curated transcription factor binding sites
for cell-cycle factors either computationally or experimentally
determined.
Contains information on structural and functional organization
of transcription regulatory regions of eukaryotic genes. As of
April 2006, contained over 10000 transcription factor binding
sites and 3490 regulatory regions curated from 7609 references.

Promoter databases facilitate discovery of indicators or discriminants of
regulatory potential, such as CpG prevalence [133] or evolutionary conservation [134],
and elements of regulatory architecture, such as core promoter composition [135] or
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prevalence of promoter polymorphisms [136]. Furthermore, promoter databases facilitate
computational approaches to transcription factor binding sites by providing noise or
background models in which prediction algorithms can be trained to detect novel signals.
For instance, MotifSampler uses the EPD database to generate clade-specific background
models online [137].
Transcription factor binding site databases, like TRANSFAC and Jaspar, have
been developed to describe the diversity of sequences bound by a single transcription
factor. Each database has predominantly benefitted from in vitro binding assays, like
SELEX experiments (reviewed in [138]), to determine the sequence targets of
transcription factors. The utility of these databases is that a transcription factor’s ability
to bind specific sequences can be modeled and subsequently applied to novel sequences.
Transcription factor binding models within TRANSFAC and Jaspar are
represented as either an IUPAC consensus sequence or a position specific weight matrix.
IUPAC consensus sequences were originally used to describe mutability between base
positions of a transcription factor binding site by representing variant nucleotides with an
enriched set of symbols. The disadvantage of this encoding is that the quantitative
predisposition of individual bases to promote binding is essentially ignored; weight
matrices were introduced to include this information [139].

A weight matrix is

assembled by measuring the frequencies of individual nucleotides at each position in a
binding site. There are several variants of these types of matrices which only ameliorate
types of mathematical manipulation when scanning novel sequences for their amenability
to binding. Weight matrices are discussed more in Section 1.3.3.2.1.
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The difficulty with application of transcription factor binding models, such as
those represented by IUPAC consensus sequences and weight matrices, is that they are
prone to making Type II errors (false positives). Conservative application of a weight
matrix for the transcription factor MEF2 predicts a binding site every 350bp [140]. It has
also been observed that when using the complement of matrices in a TF database, a
binding site is generally predicted at every base (Wasserman, WW, personal
communication). To describe this relative to results obtained from biological assays, if a
typical ChIP-chip result identifies 10,000 binding sites across the human genome for a
single transcription factor, a matrix scan could typically yield about 3 million such sites –
when unfiltered due to location, suggests that only 1/3 of a percent of all such predictions
can possibly be true. The ability of such models to accurately identify true binding sites
is clearly limited by the number of transcription factor binding models being used and the
size of the genomic sequence being searched. The next three sections will discuss
specific methodologies to improve both of these parameters.

1.3.3.2.1 Position-specific Scoring Matrices
Position-specific Scoring Matrices (PSSMs) describing protein-DNA binding
specificities have been used to describe the binding sites of individual transcription
factors for nearly 25 years ([139]; reviewed in [141]). In their simplest form, they are
called Position Frequency Matrices (PFMs), where the observed frequency of a
nucleotide is computed at each position of an alignment. An alternative form of PSSM,
called a Position Weight Matrices (PWM), is computed by taking the logarithm of the
frequencies at each position.

This type of matrix is commonly used due to

26

mathematically tractability since potential binding site scores are calculated by
summation across nucleotide positions. A lesser used type of matrix is the Information
Content Matrices (ICMs), which describe how different a position is from its expectant
distribution. Positions that are perfectly conserved are described as containing 2-bits of
information, whereas positions that are shared perfectly between two nucleotides are
characterized as having 1-bit of information. The information embedded within a PSSM
has typically been displayed as a sequence logo, where the size of a nucleotide at a
position represents its frequency or information content [142]. A representative PSSM
and sequence logo are displayed in Figure 2.
PSSMs have been widely used, not just for their improved specificity over
consensus sequence approaches, but because the matrices have been shown to be
concordant with binding strength [143]. Among their disadvantages, however, they have
no capabilities for describing more complicated models of binding, including the
insertion of variable gaps or dependent relationships between nucleic acid positions. A
recent analysis of the latter has suggested that 25% of transcription factor binding motifs
show correlations between positions [144]. Further confounding the validity of existing
predictions, it is of cautionary note that binding sites that have not been observed in vivo
can be predicted strongly and recent evidence has suggested that existing PWMs are too
broadly defined and can be subclassed further using a mixture model (i.e. there may be
multiple PWMs which better classify the set of binding interactions for a particular
transcription factor) [145].
For working with PSSMs, the TFBS-Perl package provides a programming
interface to databases like TRANSFAC and Jaspar which contain PSSM information,
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allow the manipulation of PFMs, PWMs and ICMs and the generation of representative
sequence logos [146]. Alternately, sequence logos can also be constructed online using
WebLogo [147].

Figure 2: PFM Assembly and Sequence Logo.
1) Identified binding sites are assembled into a set and 2) a PFM is constructed by calculating the
frequency of nucleotides at each position in the set. 3) PFMs are commonly represented as sequence
logos describing the information content at different positions in the matrix (this sequence logo was
constructed using WebLogo [147]).

1.3.3.3 Phylogenetic footprinting (Conservation-based approaches)
Phylogenetic footprinting is a technique useful for detecting regulatory elements
from information obtained from cross-species comparisons [148]. The principle of these
analyses is to compare the mutation rate of orthologous, non-coding DNA segments in
two or more organisms to a neutral mutation rate. Those segments that possess mutation
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rates lower than the neutral rate are hypothesized to have been selected due to functional
constraint (reviewed in [149]).

The utility of this approach has demonstrated its power

to predict functional transcription factor binding sites in vitro ([150]; reviewed in [151]).
Furthermore, the fecundity of genome sequencing projects has facilitated the expansion
of phylogenetic footprinting approaches to many different species (reviewed in [152]).
This section will discuss how putative regulatory regions are being detected through
genome-wide approaches to detecting conserved non-coding sequences and then
highlight how these conserved regions are being used for transcription factor binding site
identification.

1.3.3.3.1 Conserved non-coding sequences
The utility of conservation-based approaches to regulatory region detection has
been highlighted in initial comparative analysis of the human and mouse genome [14].
Comparison of known regulatory regions (n=95) supports a predisposition for regulatory
regions to possess mutation rates lower than the neutral rate.

Furthermore, it was

estimated that, at minimum, 5% of the human genome is under this type of constraint.
By identifying these constrained regions, computational techniques have been developed
to extract candidate regulatory regions en masse ([134,153]; reviewed in [154]).
A major challenge with identifying conserved regions under functional constraint
is in selection of an appropriate evolutionary divergence for comparison [155-158]. Each
comparison is limited to finding functional elements common to the shared ancestry of
the species under observation.

Furthermore, when comparing closely related species,

their may not have had enough time to accumulate sufficient mutation while highly-
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divergent species may have had too much time, thereby permitting adaptive or lineagespecific change. (The evolution of regulatory regions will be discussed in more detail in
section 1.5.)
Multiple species sequencing and comparison have aimed to mitigate the challenge
of selecting suitable species by delineating selection pressures across different clades of
organisms [159].

To facilitate these analyses, computation techniques and resources

have been developed to aid in identification and interpretation of multiple sequence
comparisons (reviewed in [160]). Several of the current techniques that have been
designed explicitly for measuring conservation in multiple species are discussed in Table
3.

Table 3: Multiple species conservation scores

MCS scores [161]

PhastCons scores
[162]

Regulatory Potential
scores [163,164]

a. Binomial-based: Conservation scores are calculated
individually for 25bp windows from a multiple-sequence
alignment for human and each other species. More distantly
diverged species are weighted more heavily. MCS scores
are derived by averaging the scores moving up through the
associated phylogeny.
b. Parsimony-based: A parsimony score is derived for each
site in a multiple sequence alignment. A neutral substitution
model is used to calculate the probability of the parsimony
score given the composition of the phylogenetic tree. The
final value is averaged over a 25bp window centered on
analyzed site.
PhastCons scores are derived by a phylogenetic Markov model
which is designed to transition through conserved and nonconserved states in a reference genome while comparing the
phylogeny at each nucleotide. Predicted elements are assigned
a log-odds score comparing their likelihood of being in a
conserved or non-conserved state. It has the specific advantage
of not requiring a fixed window size.
RP scores are derived from two Markov models: the first is
trained on known regulatory elements; the second, its neutral
model, is trained on ancestral repeats. The model is selected
based on optimizing intra-species conservation against
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DLESS scores [165]

nucleotide motif signature. It calculates its final score by
summing the logarithm of the probability that a state belongs to
the regulatory region model versus the ancestral repeat model
over a window of fixed length.
A disadvantage of previous scores was that they biased towards
conserved regions that were under selection in all taxa. The
DLESS algorithm was designed to identify sequences that may
be under selection in a particular lineage. It uses a phylogenetic
Markov model adapted from the PhastCons program but
introduces the concept of gained or lost sequences on any
particular branch of a phylogeny. The final score is a P-value
describing the probability of observing an alignment given a
neutral model of substitution.

Comparison of MCS, PhastCons, and RP scores, using 93 regulatory regions from
the HBB gene complex, have demonstrated sensitivity and specificity in the range of 5060% [166].

1.3.3.3.2 Transcription factor binding site detection
Detection of transcription factors using phylogenetic footprinting is performed
predominantly by limiting transcription factor binding site detection techniques to wellconserved regions.

Several computational tools combine database-driven analyses

through TRANSFAC or Jasper to detection of conserved elements- among them are
ConSite [167], rVISTA [168], Footer [169], CisOrtho [170], and CONREAL [171].
Others, attempt to detect transcription factors de novo within conserved regions- among
them are Footprinter [172], Monkey [173], and Vestige [174].

Each of these

computational tools requires, at minimum, two orthologous sequences which are then
aligned using a global alignment algorithm like ClustalW [175] or LAGAN [176]. It has
been demonstrated, however, that the efficacy of these algorithms in regulatory regions is
dependent on the divergence time of the species being aligned [177-179]. To improve
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the ability of alignment algorithms to reconstitute known binding sites, several alignment
algorithms have been developed which are anchored based on reconstruction of potential
transcription factor binding sites- among them are CONREAL [171], SITEBLAST [180]
and TF-map [181].

However, the underlying processes of transcription factor binding

site evolution has highlighted lineage-specific gain and loss as a salient force and suggest
that the utility of broadly-selected multi-species conservation to transcription factor
binding site detection will be limited [182,183]. Examples of such lineage-specific
stabilizing selection has been demonstrated in the eve2 enhancer [184,185] and the
Hoxb2a-b3a intergenic region [186].
Recent availability of whole genome data has resulted in further advancement in
transcription factor binding site identification through phylogenetic footprinting by
facilitating genome-wide surveys of statistically-significant, conserved binding motifs. A
specific application in four Sacchromyces genomes has been used to identify overrepresented motifs in conserved elements [187]. The advantage of this approach is that it
uses conserved signals across the genome to identify de novo transcription factor binding
motifs. By using a genome-wide approach and filtering against functional constraints
from expression data, these authors were able to identify 79 potential binding motifs.
Section 1.3.3.4 will focus on how functional information like expression data can be used
to detect transcription factor binding sites.

1.3.3.3.3 Phylogenetic shadowing
A corollary of phylogenetic footprinting has been the development of the
phylogenetic shadowing technique. With the increasing availability of many closely-
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related genomes, such as primates, Drosophila, Caenorhabditis, and rodents,
phylogenetic shadowing is a technique which measures conservation by identifying
regions of invariance shared among a group of closely-related species. The advantage of
this technique is that lineage-specific elements are more likely to be identified and
alignments are more informative due to decreasing divergence.

Application of this

technique in primates has been used to identify 10 protein binding locations in the apo(a)
promoter of humans which when compared to lowly-conserved regions which
demonstrated increased significance in driving reporter gene activity [188]. To increase
the application of this method to novel genomic regions, the authors of this study have
made available a tool for phylogenetic shadowing called eShadow [189]. Despite the
promises of such an approach, recent insight into population size and corresponding
selection pressure has provided evidence that most hominid mutation is neutral,
potentially confounding the ubiquity of this approach [190].

1.3.3.4 Gene function-driven approaches (Expression, ontologies and localization)
The major premise of gene function-driven approaches is that genes
demonstrating similar properties potentially share similar regulatory elements. These
approaches utilize diverse sources of gene function data, most commonly including gene
expression, ontological, or localization data. This section will provide an overview of
how each type of data has been used to identify regulatory elements.
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1.3.3.4.1 Using expression data to identify regulatory elements
The maturation of two technology platforms for measuring gene expression
activity in vivo, biological chips [191] and serial analysis of gene expression (SAGE)
[192], has facilitated statistical determination of sets of genes with common expression
patterns. Availability of sets of coexpressed genes facilitate identifying transcription
factor binding sites as coexpression implicates that the genes are regulated by a mutual
set of transcription factors. The criteria for selecting coexpressed genes are outside of the
scope of this thesis and have been reviewed elsewhere (reviewed in [193]). Application
of this technique has been widespread, however, with specific usages ranging from
identification of regulators involved in environmental response in yeast [194] to cancer in
humans [195]. A specific challenge with this approach is that the extent and type of gene
expression data included in any regulatory analysis will influence the underlying
biological hypothesis for regulatory element detection; by having broad inclusion criteria,
stage- or tissue-specific coexpression will likely be masked hiding those regulatory
elements that are involved in regulation of a specific biological process. Conversely, too
stringent of a gene expression set may mask broader patterns of coexpression and hide
regulatory elements coregulated in non-specific processes.
Specialized bioinformatics resources have been developed to aid in identifying
regulatory elements using expression data (reviewed in [196]). The oPOSSUM tool takes
as an input a list of genes that have been previously identified as coexpressed and then
calculates the statistical significance of conserved binding sites within their associated
core promoters [197]. Tools like CARRIE, take raw expression data and promoter
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sequences to derive a gene coexpression set from which overrepresented binding sites
and a gene interaction network are ascertained [198,199].

1.3.3.4.2 Using ontological data to identify regulatory elements
The rapid increase and global distribution of genomics data has necessitated the
development of controlled vocabularies, or ontologies, capable of describing shared
properties or concepts. An example of these ontologies is the Gene Ontology which
established the semantics of describing the different biological roles that genes can
possess [200]. An advantage of the Gene Ontology to regulatory analysis is that it
becomes easier to extract genes known to be involved in particular metabolic pathways.
These genes can then be analyzed for regulatory elements that may be specific to a
particular biological role. An example of this type of analysis has been performed to
characterize candidate binding sites in immune-response-related genes [201].

More

typically, however, the Gene Ontology has been used to validate the results of
expression-based regulatory analyses.

Two recent studies, however, have utilized

database-driven approaches to cluster genes possessing common sets of putative
transcription factor binding sites and then have validated these clusters against the Gene
Ontology [202,203].

The continued development of new ontologies describing

expression data, inclusive of anatomy, cell type, pathology, and development stage [204],
and the establishment of diverse ontologies under the Open Biomedical Ontologies
foundry [205] will, when sufficiently utilized, further offer enriched vocabularies to aid
in identifying regulatory elements essential to particular biological roles.
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1.3.3.4.3 Using localization data to identify regulatory elements
Observation of gene locations in several genomes has demonstrated a tendency
for co-expressed genes to physically cluster (reviewed in [206]). This is likely because
either tissue- or stage-specific chromatin domains allow neighbouring genes to be
expressed at the same time and/or they share similar regulatory control mechanisms
[207]. The former scenario has been supported by the discovery of chromosomallyclustered genes involved in intestinal and muscle-specific genes in C. elegans [208,209].
The latter scenario has been supported by the discovery that 10-20% of the genes in the
human genome share bidirectional promoters [210]. The potential for chromosomallyclustered genes to share regulatory elements suggests that future genome-wide
approaches cannot simply prescribe to a one gene, one promoter model.

1.3.3.4.4 Other data sources
Any source of information which clusters genes into functional categories may
have utility in uncovering regulators involved in driving a particular function. Limited
information is currently available describing chromatin state in specific cell types, the
regulatory regions driving non-coding RNA transcription or the in vivo nuclear structure
including transcriptional factories and chromosomal domains. Future characterization of
these regions should provide additional resources for investigating regulatory control
mechanisms.
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1.3.3.5 Architectural features of regulatory regions
Investigations of the general architecture of regulatory elements has uncovered
general features of regulatory regions and transcription factor binding sites that can be
used as predictors in other regions of the genome. A previously introduced example of
such a feature is CpG islands which are correlated with a class of promoters. Other
features of regulatory architecture (which will be discussed in this section) are
combinatorial or composite binding, where clusters of binding sites are used to elicit
regulatory regions; DNA-protein structure, where the elucidation of the structural
configuration of the DNA-protein contacts can indicate a regions amenability to binding;
and repetitive elements, which can both describe the selection pressure on a region and
introduce new regulatory elements.

1.3.3.5.1 Combinatorial (composite) binding of transcription factors
A salient feature of gene regulation is that multiple transcription factors can act
together to alter gene expression (reviewed in [38]). This interaction can be cooperative,
where an expression change is the sum of the cumulative effects of each transcription
factor taken independently [211], synergistic, where an expression change is greater than
the cumulative effect of each transcription factor taken independently [212]; or
competitive, where an expression change is the output of multiple antagonistic effects
(reviewed in [213]). Furthermore, each change in gene expression activity can be the
product of many different transcription factors or a multitude of the same transcription
factor [214]. Genome-wide analyses of transcription factor binding in Saccromyces
cerevisiae has elucidated that both such arrangements are widespread [215].
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This

architectural feature of regulatory regions has been utilized extensively to predict new
regulatory regions. Studies have been designed to detect regulatory regions with a
significant density of binding sites for all known transcription factors [216-218],
transcription factors which are known to be tissue- or stage-specific [219-224], or
individual transcription factors [225-227]. Among the methods described in some of
these studies, several tools are available to assist in performing combinatorial analyses,
including Cister [223], Comet [228], Cluster-Buster [229], MSCAN [230], CATS [231],
and TFBScluster [232]. Most used database-driven approaches to detect regions which
contain an overrepresentation of predicted binding sites for a user-selected set of
transcription factors.

To improve these predictions, databases like TRANSCompel

provide information on experimentally validated interactions between transcription
factors and their binding sites [233].
An extension of this method has been applied to predicting regulatory elements
from their spatial organization or symmetry. Observations that lambda repressor binding
sites are separated by integral turns of the DNA helix [234] and MEF2 and MyoD
families of transcription factors bind a fixed distances relative to the DNA helical turn
[235]. Computational analysis of spatial organization of transcription factors in
Drosophila melanogaster has elucidated periodic signals for the Bicoid and Hunchback
transcription factors [236]. Furthermore, many transcription factor binding sites have
been identified as having ‘dyad’ structures, well-conserved bases separated by several
poorly-conserved bases [237]. Many of the previous discussed de novo motif discovery
techniques are specifically designed to exploit dyad symmetries. A Gibbs sampling
technique has been adapted to specifically improve detection of these types of
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arrangements [238] by allowing users to investigate different types of motif symmetry.
However, while some transcription factors may require specific spatial organizations, it is
generally viewed that many do not [239].

1.3.3.5.2 DNA structure and gene regulation
The curvature of DNA is known to have a role in gene regulation in prokaryotes
[240,241]. It is largely regarded to be involved in temperature response [242,243] and/or
maintenance and positioning of chromatin structure [244-246]. Evidence also suggests
that they are responsible for recruiting specific transcription factors [247,248].
Conserved structural motifs have been identified in eukaryotic ribosomal promoters and
in satellite and nucleosome positioning DNA independent of sequence homology
[249,250] and a scan of eukaryotic promoters has demonstrated a correlation between the
GTF, TBP, and DNA curvature [251]. Future characterization of structural motifs may
elucidate higher-order regulatory signals or uncover important protein recruitment
mechanisms.

1.3.3.5.3 Repetitive elements and gene regulation
Repetitive elements are an architectural feature of genomes that have traditionally
been ignored in regulatory analyses because of their predisposition to skewing results
towards prediction of the repetitive motif. However, repetitive elements have been
demonstrating an increasing relevance to the function and evolution of gene regulation.
A diversity of predicted transcription factor binding sites from developmental
transcription factors on Alu repeat elements near biosynthesis genes implicates them as
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being important to suppression of proliferation during differentiation [252].

Long

terminal repeats (LTRs) are also known to contain strong promoters which can drive the
expression of individual (reviewed in [253]) or multiple genes [254]. Furthermore, the
mutational qualities of such repetitive elements (specifically their ability to add or
subtract repeat units) make them ideal targets for both cis- and trans-acting regulatory
variation [255,256]. The potential of repeats to subvert a gene’s regulatory program has
also made them an ideal tool for investigating the selection pressures in non-coding
sequences [257,258]. A better understanding of the role of repetitive elements in gene
regulation will likely improve computational identification and characterization of
regulatory elements.

1.3.3.6 Aggregate approaches (Workbenches and pipelines for regulatory element
analysis)
The ample computational resources at a researcher’s disposal for regulatory
element analysis have fostered the emergence of aggregate approaches which aim to
integrate and present the state-of-the-art. Two types of approaches will be discussed in
this section- approaches that provide an integrated framework for analysis and highthroughput pipelines which aim to make available pre-computed predictions of general
relevance to a larger community.

1.3.3.6.1 Tools for integrated regulatory analysis
Many of the previously discussed computational techniques for predicting
regulatory elements have been integrated into analysis applications combining two or
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more different techniques or algorithms. These applications or ‘workbenches’ have welldefined utility as they allow a researcher to propose, test, and modify hypotheses using
enriched data resources and algorithm selections. Workbench toolkits, like Toucan,
Theatre, and SeqVISTA, provide environments where researchers can perform
phylogenetic footprinting, de novo motif discovery, and combinatorial analyses of
transcription factor binding sites [259-261]. Applications like TAMO and BEST provide
access to a selection of motif discovery algorithms [262,263]. A disadvantage of these
applications is that they are typically not extensible to large-scale or high-throughput
analyses. The next section will discuss aggregate techniques that are being employed to
pre-compute regulatory elements in whole genomes.

1.3.3.6.2 High-throughput regulatory element prediction pipelines
A major goal of gene regulatory analysis is to be able to produce genome-scale
maps of gene regulatory architecture (reviewed in [149]). Several approaches have been
reported that aggregate multiple data sources and computational techniques and apply
them to detection of regulatory elements; representative examples are discussed in Table
4. Many require extensive computational infrastructure and suffer from antagonistic
elements of experimental design, including scope of gene expression data included or
conservation depths for phylogenetic analyses.

With an increasing diversity of

techniques and information that must be synthesized, however, these pipeline approaches
offer the principal benefit that they are expert-driven and should be able to complement
gene-centric assays where the primary researcher is not intimately familiar with the
benefits of different computational techniques.
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Table 4: Genome-wide regulatory element prediction pipelines for eukaryotes.

Xie et al. [264]

PAP [265] and
oPOSSUM [197]

PHYLONET [266]

cisRED [268]

PReMod [270]

A comparative analysis of promoters and 3’ UTRs for human,
mouse, rat, and dog. Methods reduced TRANSFAC database
to motif clusters (based on sequence similarity) to detect
conserved motifs and used a consensus-based mismatch score
for detecting new 11-mer motifs.
A comparative analysis of promoters for human and mouse
was conducted.
Each promoter was scanned using
TRANSFAC and Jaspar databases and each transcription
factor binding site is weighted due for all potential
interactions. Co-expressed genes are inputted to the database
to identify transcription factors that likely regulate the set.
Orthologues for S. cerevisiae, S. mikatae, S. kudriavzevii, and
S. bayanus are determined and phylogenetic footprinting is
performed using a BLAST-like algorithm [267] to cluster and
assemble motif profiles.
Input genes are scanned for
matching profiles to assemble a regulatory network.
Motifs are assessed using multiple tools and scored using a
method-independent scoring framework. Orthologues are
obtained from EnsEMBL for mammalian species and act as
input to the motif discovery pipeline. Expression data is used
to validate the motif discovery approach [269].
Non-coding human, mouse, and rat alignments are evaluated
for their similarity to individual transcription factor binding
sites from TRANSFAC. Clusters of putative binding sites
within a 2kb interval are identified within these alignments.

1.3.3.7 Performance assessment
A major challenge confronting computational assays for regulatory element
prediction is the sparsity of benchmarks for assessing the performance of tools designed
to discover transcription factor binding sites. Currently, very few, if any, regulatory
regions are comprehensively surveyed for all possible binding interactions, making
definitive predictions of sensitivity and specificity speculative and exposing algorithm
designers to bias due to overtraining. Assessments of performance have also typically
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used generated sets where binding sites have been artificially implanted; however these
are likely not reflective of the true natural process.

Also, the availability of

complementary types of data from sources such as comparative genomics or gene
expression assays have meant that regulatory analyses driven by one type of data can be
compared against the other. Examples of this type of performance assessment have been
reported where coexpression was used to validate transcription factor binding sites
identified through phylogenetic footprinting [271,272] and where binding sites detected
by coexpression have been assessed against conservation [273,274]. This mutualistic
assessment is the basis behind aggregate tools like PhyloCon which use both
conservation and coexpression to identify regulatory motifs [275] and many of the
aggregate approaches discussed previously. However, for reasons previously discussed,
the ability of these approaches to predict transcription factor binding sites is limited by
the “genomic scope” of the data; to further illustrate this, muscle-specific predictions of
regulatory regions in Ciona savignyi (a relatively small eukaryotic genome, assessed by
combinatorial analysis and validated with conservation-based approaches) reached a
sensitivity of 46.5% and specificity of 88% when compared with known regulatory
regions [276].
A recent study of the performance of motif discovery tools has examined the
creation of appropriate benchmarks for assessing these types of tools [97]. This study
analyzed 13 different motif discovery tools using data sets for fly, human, mouse, and
yeast that had known binding sites in their natural promoter, and in artificially generated
promoter sequences. No single dataset was definitive in quantifying performance and
most tools performed better on yeast than any other organism. They also demonstrated
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the significant challenge in creating useful benchmarks including complications with
filtering collections of known sites and incomplete knowledge of all known binding
interactions in natural promoters. This study formalized several established and new
statistics for communicating performance of motif discovery tools (several statistics that
are relevant to this thesis are listed in Table 5). A follow-up study has demonstrated that
many motif discovery tools are challenged by input sequence size, the heterogeneity of
binding site positions, and the overall similarity of the binding sites [277].

Table 5: Performance metrics for assessing regulatory prediction tools.

Sensitivity
Specificity
Positive Predictive Value
Correlation Coefficient

The fraction of known binding sites that are predicted.
The fraction of binding sites that are predicted in error
The fraction of predicted binding sites that are known
Introduced in regulatory analysis by Tompa et al. [97]. This
statistic is a measure of correlation between known and
predicted sites. A correlation coefficient of -1 indicates
perfect anti-correlation whereas a value of +1 indicates
perfect correlation.

A performance assessment of phylogenetic footprinting tools has also been
recently conducted by the same lab for small motifs in metazoan promoters [278]. Using
well-conserved known binding sites, a measure of parsimony was calculated for motif
conservation within a phylogenetic tree.

Specific challenges with performance

assessment included obtaining correct orthologous genes, their associated promoter
regions, and aligning them for distant species. Using human, chimp, mouse, and rat
alignments, 85% of these conserved regions, containing a known motif, were recovered
and, by adding chicken to the alignment, only 27% were recovered using alignmentbased tools.
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The recent availability of high-throughput biological assays for identifying DNAprotein binding interactions, like ChIP-chip, has the potential to aid enhancer and
promoter prediction. Furthermore, recent genome-wide discovery of transcription start
sites [40] offers further potential to benchmark and extend the efficacy of promoter
prediction tools like Eponine [91] and PromoterInspector [279].

1.3.4 Synopsis: Future trends
There has been marked growth in the types of biological and computational
assays available for analyzing gene regulatory properties. International collaboration
through the ENCODE project aims to survey functional elements in 1% of the genome;
this resource will undoubtedly provide useful training material for existing and future
types of assays.

Especially since many of the approaches currently used for detecting

regulatory elements have been principally designed through training analysis in yeast
[97], and some of the more interesting discoveries in lower-order organisms, like coding
versus non-coding word bias have remained unexplored in higher order genomes [280].
Fundamental questions still need to be addressed though. There remain relatively few
benchmarks

for

surveying,

comparing,

and

integrating

different

regulatory

methodologies. Very little is known about species-specific contributions to comparative
genomics analyses in regulatory regions in light of a plethora of genomes rapidly
becoming available.

Additionally, very little is known about the contributions of

individual expression assays to detecting reliable co-expressed genes. It is certainly
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obvious that there are particular caveats when utilizing broad versus condition-specific
expression sets which have consequential effects on the types of regulatory elements
identified [181]. To address these challenges, the future class of regulatory prediction
algorithms will need to be able to more accurately discern selective and functional
constraints in a wider biological context. Much remains to be explored, compared, and
pragmatically integrated in terms of conservation, coexpression, and the structural
features of the genome whether for genome-scale or targeted analyses.

1.4 On bioinformatic analysis of genetic mutation
1.4.1 Background
The diversity endowed in nature is primarily due to DNA sequence variants
embedded in each organism’s genome. These variants can exist in almost any form: as
small base-pair mutations (single-nucleotide polymorphisms), insertions/deletions, and
large-scale chromosomal mutations. Each has the potential to alter an organism’s fitness
and, when located in germline tissue, propagate to its progeny. Cataloguing sequence
variation offers the potential to investigate the molecular causes of phenotypic difference
and to trace the origins of species [281].

1.4.1.1 Discovering genetic mutation
Genetics is the study of mutation and its inheritance. As such, the roots of our
understanding of genetic mutation have had their ascendancy with the history of genetics
and the advent of DNA-based technologies. Classical genetics approaches (as those
employed by Morgan in identifying the white mutation in Drosophila melanogaster)
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require first the identification of a mutant phenotype, which is then mapped to its
associated sequence variant. To aid in obtaining interesting phenotypes, organisms are
typically mutagenized and screened en masse to select those with identifiable phenotypes.
However, challenges with this approach include that it is time-consuming, many
mutations do not have a visible phenotype, and many small genes are hard to disrupt.
DNA sequencing has heralded the development of reverse genetics-based approaches
where, conversely, a sequence variant in DNA is assayed for its corresponding
phenotype. The advantage of this approach is that candidate genes, regardless of size,
can be selectively targeted and/or specific mutations can be artificially induced to mimic
in vivo mutations. Reverse genetics has identified genes responsible for rare, highly
heritable ‘mendelian’ diseases, such as cystic fibrosis and Huntington’s, by identifying
genetic markers (alleles) from DNA sequences that were linked to the respective diseases
[282,283]. A historical challenge with this technique, however, is that it has limited
utility in identifying the loci for complex or common traits which may be the product of
multiple interacting sequence variants. As such, these types of traits have now been
studied using genome-wide family-based linkage studies and population-based
association studies, which, while effective, are challenged by the ability to significantly
detect linkage in multi-locus traits and the extent of variants that can be assayed,
respectively. Improvement in genome sequencing technology has and will continue to
have a multi-faceted effect on the identification of all types of genetic mutation. Of
significance, it has facilitated the extensive identification of common genetic variants,
useful for both linkage analysis and association studies, and has promoted the
advancement of reverse genetics-based approaches to creation of “knock-out” libraries,
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where all the genes in an organism are individually disrupted. Genomics-facilitated
discovery and genotyping of many new genetic variants have offered powerful tools for
extending our current understanding of the distribution and function of genetic mutation
as it pertains to health and the ancestry of a population.

1.4.1.2 Current model of genetic mutation
The most abundant type of genetic mutation in the human genome are single
nucleotide polymorphisms (SNPs) (reviewed in [284]). These variants are typically
biallelic where one nucleotide has been replaced by another most likely through an error
during DNA replication or repair. SNPs are generally catalogued into those which occur
in protein coding sequences and those which do not. The SNPs that occur in protein
coding sequences are regarded to be more likely to have a role in effecting gene function
and are further classified into non-synonymous and synonymous SNPs; the former are
widely considered to be more likely to have an effect as they change an associated
protein’s amino acid sequence in allele-specific manner. Other SNPs likely to affect gene
function have been investigated due to their co-localization with splicing sequences
[285,286] or canonical regulatory regions [136,287].
The rapid identification of SNPs has been primarily due to the growth of DNA
sequencing. The sequencing of the human genome originally introduced approximately
1.5 million single nucleotide polymorphisms distributed at approximately 1 SNP every
2kb; these SNPs were identified by analyzing nucleotide variation in high-quality
matching positions of overlapping sequence reads [288].
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Within 5 years of this

publication, the quantity of SNPs in public databases has grown to over 12 million SNPs
or approximately 1 SNP every 250bp [289].
The large number of available SNPs has made it increasingly feasible to
selectively test these variants for their role in etiology of common and/or complex traits.
This is because most humans have low genetic diversity compared to other mammals and
most of the heterozygosity in the human population has been attributed to common
variants (>1%) [290,291]. This observation has stimulated the hypothesis, known as the
Common Variant-Common Disease (CV-CD) theorem, that common variants are
sufficient for detecting common disease [292-294].
The practicality of using SNPs to detect common and/or complex traits is
enhanced by the observation that particular sets of alleles are inherited together more
frequently than by chance; this association is called linkage disequilibrium (LD). An
allele at one location, therefore, can be informative for the presence of other alleles. The
set of alleles that are co-inherited together is commonly defined as a “haplotype”. The
extent of any haplotype is defined by the extent of LD which is generally influenced by a
regions recombination and mutation frequencies, the fitness interactions between genes,
and non-adaptive processes, such as limited population structure or inbreeding.
Uncovering the distribution of haplotypes has been the focus of an international
consortium called HapMap, which has recently genotyped 1 SNP for every 5kb from 4
different populations [295]. By identifying the distribution of haplotypes, it is reasoned
that an optimal number of informative SNPs can be selected for association studies.
However, as described by Terwilliger et al. [296], there are several caveats with these
studies, specifically: 1) the phenotype has a measurable effect, 2) the combined effects of
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multiple rare variants are negligible, and 3) the extent of LD in a genomic region from a
given population is sufficiently large. Furthermore, it is important to recognize that
association does not define a causative variant. While alone this result can be beneficial
in its diagnostic utility, until the specific molecular players are identified, further
developments of pharmacological interventions are limited. To expedite this, several
computational approaches are offering insight into likely causative mutations.
In addition to SNPs, an emerging class of genetic variants, characterized by
variable-length deletions, has extended the role of mutation in human populations [297].
Hundreds of large-scale structural variants have been found with median lengths ranging
from 500 to 10.5bp and many thousands more microsatellite and minisatellite repeats are
distributed across the genome [298,299]. While not discussed any more here, it is likely
that these types of variants will have a significant role in defining quantative traits and
disease through processes similar to the characteristic repeat expansion found in
Huntington’s disease.

1.4.1.3 Current strategies for improving our understanding of genetic mutation
While a growing number of SNPs have been identified, a paucity of genotyping
information has typically been available. This information is essential for reconstructing
haplotypes.

However, the availability of this information will rapidly increase.

Especially since the HapMap Consortium (which genotyped 1 million SNPs as part of
their Phase 1 publication) is currently genotyping nearly 5 million more. The existing
and emerging approaches to discovering and genotyping SNPs will be presented in
Section 1.4.2.

The utility of these assays, though, is dependent on strategies for
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computational post-processing this data.

Identification, organization, and analysis

techniques will be presented in Section 1.4.3.

1.4.2 Biological assays for the identification and characterization of genetic mutations
1.4.2.1 SNP Discovery
The gold standard for the discovery of new sequence variants has been through
DNA sequencing. Initial genome-scale identification of SNPs has made use of diverse
DNA sources (reviewed in [300]): expressed sequence tags have aided in the
identification of nearly 100 000 SNPs [301,302], SNPs were identified from reduced
representation shotgun sequencing libraries [303], random shotgun reads aligned to the
genome [288], and comparisons of overlapping regions of large-insert clones [304]
during the sequencing of the human genome. However, the principal challenge with
sequencing-based approaches has been that it has remained relatively expensive.
Alternate SNP discovery technologies have been developed to simplify
identification and reduce costs (reviewed in [305]). Two methods that are the most
popular are single-strand conformation polymorphism (SSCP) analysis [306] and
denaturing high-performance liquid chromatography (DHPLC) [307]. SSCP identifies
SNPs based on identifying differences in sequence-dependent conformation patterns of
single-stranded DNA under non-denaturing conditions through changes in electrophoretic
mobility. SSCP’s major advantage is its simplicity, but, among its disadvantages, it
requires analyses to be run under different electrophoretic conditions to detect all possible
conformational changes. It has sensitivity between 60% and 95% and only DNA
segments under 250bp can be assayed.

DHPLC identifies SNPs by observing
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differences in denaturing rate and column retention of DNA heteroduplexes
(complementary

DNA

molecules

containing

a

polymorphism)

compared

to

homoduplexes. DHLPC has the advantage of being automated and allowing greater
sample sizes (from 200-700bp) yet it is slow making it unsuitable for large-scale testing.
Also, of further detriment, once a variant has been detected, DNA sequencing is required
to locate the variants position.

While the above are mentioned because of their

popularity, many alternative methods also exist, among them denaturing gradient gel
electrophoresis [308], chemical or enzymatic cleavage

[309], hybridization to

oligonucleotide arrays [310], and matrix-assisted laser desorption/ionization time-offlight mass spectrometry analyses [311].

1.4.2.2 SNP Genotyping
The identification of genetic variants that are determinants of health requires
high-throughput genotyping technologies capable of assaying target populations with
sufficient power to identify possible susceptibility alleles. While genotyping is possible
with any of the methods used for SNP discovery, the advantage of knowing the location
of the polymorphism a priori has heralded the development of specific high-throughput
technologies (reviewed in [312]). Two popular assays are single base extension assays
and 5’ nuclease assays.

In single base extension assays, a dye-labeled primer is

specifically annealed adjacent to a SNP which can then be extended by a single dyed
nucleic acid.

Single base extension products can be assayed by any fluorescence

sequencer. In 5’ nuclease assay, or TaqMan assays, differences between hybridization of
DNA sequences containing full complementary sequences or those containing a

52

mismatch at the position of the SNP, are differentially cleaved. The cleaved product
releases a 5’ reporter dye from 3’ quencher dye, and produces a fluorescent signal [313].
A disadvantage of this technology is that specialized probes need to be constructed to
optimize the dye reaction. Many alternative methods also exist for high-throughput SNP
genotyping. Among them are matrix-assisted laser desorption/ionization time-of-flight
mass spectrometry analyses [314], pyrosequencing [315], microarray hybridization
[316], and bead-based hybridization assays [317]. The construction of the HapMap was
largely facilitated with advances in the latter two technologies.

Currently, with

microarrays, over 500,000 SNPs can be assayed per experiment [318]. Bead arrays take
advantage of fibre-optics and microelectronics technology to construct very dense arrays
which are able to generate anywhere from 300,000 to 1.6 million genotypes/day [317].

1.4.3 Computational assays for the identification and characterization of genetic
mutations
1.4.3.1 Computational approaches for SNP identification
Computational approaches for SNP identification have primarily focused on
mining diverse DNA sources for polymorphisms (reviewed in [300]). These approaches
have typically focused on optimizing source-specific specificity and sensitivity issues to
maximally identify SNPs from sequencing errors or paralogous sequences. For instance,
SNP characterization software like PolyBayes, use base quality values from pooled DNA
sequences to evaluate the probability that given sequences are from the same genomic
region and also contain a polymorphism [319]. Tools such as PolyPhred and novoSNP
similarly focus on identifying polymorphisms from base quality values by identifying
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peaks in sequence traces at equivalent heights which are likely due to heterozygosity
[320-322]. Furthermore, neighborhood quality scores attempt to classify SNPs based on
the respective quality of adjacent sequence [303] and have been integrated in tools like
SNPdetector, which employ a rule-based system to model decisions made by experienced
SNP inspectors [323]. Fast search algorithms, like ssahaSNP, have also been designed to
deal with the quantity of data from sequence read databases while incorporating
heuristics

for

identifying

likely

polymorphic

regions

[324]

and

tools

like

SNPserver/autoSNP identify SNPs from their redundancy at a site and their amenability
to cosegration with other polymorphisms [325].

Each of these methods uses preset

thresholds to partition SNPs from sequencing errors or paralogous sequences. A neural
network-based approach, which implements dynamic thresholds, has demonstrated
marginal performance improvements over tools such as PolyBayes [326]. However,
sensitivity and specificity values are particularly hard to compare as performance is
associated to SNP frequency and/or the number of overlapping sequences used;
depending on these values most can predict, at worst, approximately 80% of the SNPs in
any positive control set.

1.4.3.2 Genetic mutation databases
The central repository of polymorphism data is the dbSNP database at the
National Centre for Biotechnology Information in Washington, DC [327].

dbSNP

curates polymorphism data through submission from researchers world-wide and
assembles them into non-redundant entries. Several other databases have appeared with
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more specific mandates with respect to genetic mutation, some of these are listed in Table
6.

Table 6: Gene mutation databases.

dbSNP [327]

HapMap [295]

HGMD [328]

HGVbase [329]
ALFRED [330]
OMIM [331]

SNPeffect [332]

SNPper [333]
JSNP [334]

dbQSNP [335]

CASCAD [336]

dbSNP is the largest public resource of polymorphism
information. It assembles information from researcher
submissions.
As of build 126 (May 2006), it
contained over 12 million unique SNPs for the human
genome and close to 38 million more SNPs for 34
different species.
Genotypes, frequencies, haplotypes, and assays for
phase I and phase II of the HapMap project. Public
Release #19 (Oct 2005) contained over 28 million
genotyped SNPs.
A collection of genetic mutation that is underlying or
associated to human inherited disease. Over 53000
mutations have been curated. This database, however,
is not open access.
A curated summary of human DNA variation with a
focus on the link between haplotypes and phenotypes.
Release 16 holds close to 9 million entries.
A database of allele frequency data from diverse
human populations.
A catalog of human genes and genetic disorders.
Information on specific disease-causing mutation is
provided with publication cross-references to
PubMED.
A database of coding non-synonymous SNPs
combined with information on the likely functional
and physiochemical properties of such mutations.
Over 74000 SNPs have been analyzed.
Retrieval and SNP analysis database built on top of
dbSNP and the UCSC genome browser.
Database of common SNPs in the Japanese
population. Release 28 (May 2006) contained just
under 20000 SNPs with approximately 84000 SNPs
with allele frequency data.
A database of SNPs and associated allele frequencies
for polymorphisms in the promoter regions of genes
assessed through sequencing and SSCP analysis.
Version 13 (August 2005) contained ~9700 SNPs.
Contains candidate SNPs associated with expressed
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sequences for Rattus norvegicus and Danio rerio.
Enriches annotation to be able to discriminate SNPs
involved in phenotypic variation of different
populations.
topoSNP [337]
Resource for mapping non-synonymous SNPs to 3D
protein structures. Integrates nsSNPs from OMIM and
dbSNP. Publication release contained 27417 nsSNPs
corresponding to 770 protein structures.
rSNP_Guide [338]
Contains information regarding artificial or natural
variation effects on gene expression. April 2006
release contained 46 entries.
SeattleSNPs [339]
Project focused on identifying, genotyping, and model
associations between SNPs that underlie inflammatory
response in humans. 279 genes primarily involved in
inflammation, lipid metabolism, and blood pressure
regulation have been resequenced and over 31000
SNPs have been found as of June 2006. Genes can be
externally nominated for resequencing.
GeneSNPs Database [340]
The NIEHS Environmental Genome Project is a
resequencing project for genes involved in disease
susceptibility in U.S. populations. As of June 2006,
their GeneSNPs database contained close to 83000
SNPs from 593 genes primarily involved in DNA
repair, cell cycle regulation, drug metabolism and
apoptosis.
Human Structural Variation Database contains large-scale structural variation
Database [341]
(LSV), copy number polymorphisms (CNPs), and
intermediate-sized structural variation (ISV).
Database of Genomic Variants A curated catalogue of large-scale variation in the
[342]
human genome
The Chromosome Anomaly Database contains cytogenetically visible mutation.
Collection [343]
Among those databases not listed in Table 6, several databases have established
themselves with a focus on polymorphisms relevant to a specific disease. Among these
databases are the Breast Cancer Mutation database [344], Cancer Genome Anatomy
Project SNP index [345], and the Cystic Fibrosis Mutation database [346]. The value of
these databases is that typically rarer mutations identified from disease populations are
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differentiated from common mutations and individual variants can be tested for their role
in disease.
To facilitate access to genetic mutation data, genome databases, like EnsEMBL
and the UCSC Genome Browser and protein databases, like SwissProt, have integrated
this information within their repositories. This has allowed researchers to seamlessly
investigate known mutations in genomic sequences and proteins.

1.4.3.3 Computational approaches for SNP characterization
The fecundity of single nucleotide polymorphisms has enticed the development of
computational approaches which can characterize variants likely to affect function
(reviewed in [347]). The majority of these approaches have been applied to ascertaining
the importance of SNPs by assessing their selective constraints through determination of
the frequency and age of alleles, and their likelihood of altering a sequence’s biological
function. Each is discussed below.

ALLELE FREQUENCY

Under the right population demographic history, the frequency of an allele can
suggest functional constraint. This observation is particularly apparent in human genes
when comparing the allele frequencies of synonymous to non-synonymous mutations as
the latter mutations are enriched in low-frequency alleles [348]. However, as alluded to,
low- frequency alone does not guarantee functional constraint as a balance must exist
between selective pressures, which are not just a function of biological importance, but
also of population size and generation time, age of the mutation and mutation rate [349].
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To facilitate selection of SNPs with specific allele frequencies, computational
tools, like Frequency Finder [350] and SNPper [333], have been developed.

DERIVED ALLELES AND FREQUENCY

An estimate of the age of an allele can be inferred by identifying the ancestral
allele in closely-related species and calculating a derived allele frequency (DAF; DAFs
are the frequency at which the ancestral allele is observed in the reference species
population).

A DAF can assess the ability of an allele under positive selection to

“hitchhike” to low or high frequency [351]. Cargill et al. were able to demonstrate that a
significant proportion of alleles have risen in frequency since the human-chimpanzee
divergence to become the major allele in the population [348]. This diagnostic has been
used to detect recent positive selection in the immune response genes CAV1 and CAV2
[352]. Furthermore, derived allele frequencies have been used to characterize signals of
positive selection more generally across the human genome [353] and within conserved
non-coding sequences [354].
Allele characterization based on ancestral allele status has been utilized as part of
tools that prioritize nonsynonomous SNPs such as SIFT [355] and PolyPhen [356].

ALTERING BIOLOGICAL FUNCTION

A useful approach for characterizing SNPs has been through predicting the
consequences of allele-specific changes to the biological function of a DNA sequence.
Nonsynonomous mutations are the most frequently quantified SNPs that are suggestive
of allele-specific biological effect.

This has been extended in coding sequences to

identifying SNPs involved in protein structure changes (such as solvent accessibility,
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secondary structure, mass, charge, and hydrophobicity differences, location within beta
strands or active sites, and their role in disulphide bridges [357,358]).

Several

computational resources are available for predicting the effects of SNPs in coding regions
using functional information; including SIFT [359], PolyPhen [360], SNPs3D[361],
SNPeffect [362], PicSNP [363], JADE [364], topoSNP [337], MutDB [365], PolyMAPr
[366], and PupaSNP [367]. Synonymous mutations are a frequently quantified type of
SNP for not only identifying protein structural constraints but for their ability to affect
gene splicing. Computational tools such as PolyMAPr and ESEfinder attempt to
characterize these types of SNPs [368]; tools such as PupaSNP and PolyMAPr
characterize a SNPs relative role in regulatory regions by assessing the variation in
transcription factor binding site predictions from TRANSFAC.

1.4.4 Synopsis: Future trends
The growth of identification and genotyping of genetic variants, including SNPs,
in different populations will provide an extensive resource for understanding the effects
of genetic mutation in humans. As projects, like HapMap, continue to define the extent
of haplotype structure in human populations, projects, like ENCODE, aim to identify new
features of genome architecture involved in biological function.

The complementation

of these two approaches may significantly impact how SNPs are characterized in the
future. Furthermore, variants in regulatory regions are suggested to have a prolific effect
on heterogeneity in the human population. Improvements in the specificity of algorithms,
which characterize allele-specific effects in non-coding regions, will be useful in
selecting candidate causative SNPs from disease-associated variants [369].
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1.5 On bioinformatics analysis of regulatory mutation
1.5.1 Background
Sections 1.3 and 1.4 have discussed bioinformatics approaches for detecting
regulatory elements and genetic mutations, respectively. This section will highlight the
intersection of these approaches as they are applied to identifying functional regulatory
mutations. Several reviews have been published on regulatory mutation and their role in
evolution and disease [369-373].

1.5.2 Experimental identification and characterization of regulatory SNPs
It has long been postulated that the differences in human and chimpanzee are
primarily due to regulatory variation since almost all key structural proteins remain
virtually identical between the two species [374]. Furthermore, the recent sequencing of
the human genome has identified fewer genes than were originally expected, suggesting a
principal evolutionary role of alternative mechanisms, such as gene regulation and
alternative splicing [375,376]. The role of these variants in describing the phenotypic
diversity within a population has been of much interest. Quantification of the extent of
regulatory variation has been predominantly explored using experimental assays designed
to detect allele-specific gene expression.
Among the earliest techniques used to detect allele-specific changes in gene
expression were reporter gene assays. Specific mutations are introduced to assess their
ability to drive expression. This technique has been recently used in three independent
cell lines to estimate from a population of 170 genes that 35% contain regulatory
polymorphisms [136]. Disadvantages of this technique are that it typically does not have
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the power to detect small differences in expression level, is laborious for high-throughput
screening, and typically only one cell line or condition is assayed [377]. For verification
purposes, many reporter gene analyses independently confirm allele-specific effects by
assaying for differential protein binding using electrophoretic mobility shift assays.
Characterization of genes with allele-specific gene expression has also focused on
techniques which identify genes with unbalanced expression of allelic transcripts in
heterozygous samples [378,379].

By identifying particular transcripts that are

consistently expressed more frequently than others, it is assumed that each transcript is in
linkage disequilibrium with an associated regulatory polymorphism. This approach has
demonstrated its efficacy in identifying lowly-expressed transcripts in monogenic
diseases like Marfan syndrome [380]. As part of high-throughput assays in normal
tissues and conditions, this approach predicted between 25-50% of genes have allelespecific expression patterns [369].
More recent techniques have taken advantage of advances in the scalability of
expression technology and have used microarrays to assess expression levels as a
phenotype for linkage or association analyses [381-385].

These studies have detected

what are termed expression quantative trait loci (eQTLs) by identifying SNPs in
significant linkage or association to changes in expression levels.

These types of

approaches, though, are not without their caveats as expression technology and cell
culture introduce noticeable experimental variation when each study is compared [386].
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1.5.3 Computational characterization of regulatory SNPs
Very few computational strategies have been developed to identify regulatory
variants despite the advantage of restricted sequence space and the diversity of
computational assays available. SNP characterization tools, like PupaSNP [367] and
PolyMAPr [366], identify putative regulatory SNPs by comparing their allele-specific
predictions from TRANSFAC.

This approach has been used for genome-wide

identification of polymorphisms disrupting well-characterized consensus sequences; this
survey demonstrated significant utility in locating regulatory variants within p53 response
elements near the transcription start sites of genes in the p53 response pathway as 8 out of
8 polymorphisms tested demonstrated function [387]. This technique, when coupled with
phylogenetic footprinting between mouse and human, has further demonstrated its utility
on a set where 7 out of 10 SNPs that showed significant allele-specific differences in
Jasper predictions also demonstrated electrophoretic mobility shift differences. However,
only 2 of the 7 had marked effect in reporter gene assays [388]. A separate database
called PromoLign makes available SNPs and pre-computed conserved binding sites
between human and mouse for further analyses [389].

While neither study was

statistically definitive, clearly, this suggests limited effectiveness of approaches using
database-driven regulatory prediction comparisons alone.
The only alternative strategy published to date was a recent statistical analysis of
sequence composition from a collection of known regulatory mutations which recognized
that the composition around functional SNPs should be different than that around nonfunctional SNPs due to their selective roles in transcription factor binding [390]. These
authors observed that functional mutations of type C-to-T are slightly more associated
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with DNA regions with lower average sequence complexity with respect to symmetric
elements and is likely attributed to the known dyad symmetry of some transcription
factor binding sites. In promoter regions, this technique was reported to have 70%
specificity and 20% sensitivity.

However, the ability to discriminate intragenic

polymorphisms for functional importance was no better than random which was
attributed to the absence of promoter-specific sequence composition differences. Of
more consequence, their positive control set was of limited statistical power, as only 44
polymorphisms can be confidently characterized as functional. It is this paucity of
known functional regulatory polymorphism and the conjectural identification of nonfunctional SNPs which significantly challenges our ability to develop robust
discrimination techniques.
To address the lack of known regulatory polymorphisms databases like MutDB,
EnsEMBL and UCSC show conservation profiles with polymorphism data and databases
like rSNP_Guide and HGMD catalogue regulatory mutations. However, the cumulative
total of germline regulatory polymorphisms, which cause gene expression changes within
the latter two databases, is approximately 60 and it is often difficult to discern what
experimental conditions were originally used to predict them. Of note, rSNP_Guide
additionally provides software for predicting the effect of a SNP when coupled with usersupplied electrophoretic mobility shift assay data.
Population- or evolutionary-based identification of selection pressure on
regulatory polymorphisms offers a complementary approach to these methodologies. It
has been demonstrated that allele frequency shifts from human-primate divergence can
detect functionally constrained regions [354]. Furthermore, allele frequencies below 6%
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when assayed in 114 human genes have been observed to be enriched in functional
polymorphisms [391]. Both these studies suggest that frequency-based discrimination of
functional regulatory polymorphisms should aid other computational approaches.
A purely computational approach to detecting allele-specific expression
difference has been conducted through mining publicly available EST data [392]. SNPs
in ESTs that were observed at non-equimolar ratios were assumed to be in linkage
disequilibrium with a regulatory polymorphism. When tested, the authors were able to
identify allele-specific expression changes in 36% of the genes, not overly different from
what would be expected from random gene sampling.

But, of significance, the

expression changes were common, had been derived from multiple tissue sources, and
showed consistency in allele-specific expression results.
A significant challenge to computational approaches aimed at detecting functional
regulatory variation is a lack of understanding of the evolutionary history of regulatory
regions. The majority of gene expression variation appears to follow a neutral model of
evolution which suggests most changes are due to stochastic processes [373,393]. It has
been further observed that 32-40% of the human functional sites are not functional in
rodents [182]. Specific observations in closely related species of purple sea urchin have
identified considerable variation among known transcription factor binding sites
compared to flanking sites, suggesting in some situations, sequence conservation is not
always necessary for evolutionary retention of function [394,395].
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1.5.4 Synopsis: Future trends
Several challenges are of imminent importance to the identification of functional
regulatory variants. Standards for describing experimental conditions and controlling
experiment variation will be required to facilitate comparison of high-throughput
technologies and cell conditions [386].

Advances in computational techniques to

prioritize candidate regulatory polymorphisms are required. Specifically, the majority of
characterizations strategies use database-driven regulatory analyses approaches which are
prone to high false-positive prediction rates. Furthermore, allele-specific analysis of
KRT1 expression has demonstrated that multiple cis-regulatory polymorphisms are likely
responsible for allele-specific expression differences and future characterization of
causative variants will require unraveling the individual contributions of each [396].

1.6 Thesis objectives and chapter summaries
Elucidating the spatial and temporal processes which control gene expression
remains one of the principal challenges of biology.

It is well understood that a

component of regulatory control is governed by how specific transcription factors bind
DNA to activate or repress expression of nearby genes.

Many computational and

biological assays have been designed to identify the sites of transcription factor binding.
However, many challenges exist. Among them, very little attention has been paid to the
biological context of these methods; specifically, identifying the relative importance of
information derived from genome sequences and their diverse annotations. Furthermore,
there remains a lack of standards by which computational approaches can be identified
and assessed. This challenge is in part due to growth in availability of computational and
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experimental assays but also a function of the scarcity of well-defined benchmarks for
comparing approaches. To address these challenges, gene regulatory analyses will need
to address these challenges and take advantage of richer collections and descriptions of
identified binding sites, better genome integration of results as they pertain to
functionally-related sequences, and more identifiable benchmarks for utilizing and
comparing diverse bioinformatics resources.
The purpose of identifying gene regulatory processes is to understand the effects
of dysregulation on human health and evolution.

Targeted analysis of non-coding

polymorphisms has identified variants associated to cancer [397,398] and genetic
conditions, like depression [399], systematic lupus erythematosus [400], perinatal HIV-1
transmission [401], and response to type 1 interferons [402]. Most of these studies, while
highlighting the importance of functional non-coding polymorphisms, do not identify the
causative polymorphisms.

Furthermore, the recent developments of allele-specific

expression and whole genome association and linkage approaches have suggested that a
considerable fraction of the human genome’s heterozygosity is due to regulatory
mutation and have further presented strategies for identifying the common or complex
determinants of disease. These studies, however, are limited to the resolution of
identifying a regulatory haplotype and not the causative polymorphism.

The

advancement of computational approaches, trained to discriminate functional from nonfunctional polymorphisms, will aid in prioritizing candidate polymorphisms for
experimental testing. A limiting factor of this development has been the scarcity of wellcatalogued functional polymorphisms. In addition, despite approaches which undertake
phylogenetic-based

approaches

or

sequence
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composition-based

approaches

to

discriminating functional variants, no approach has looked at the relative contributions of
diverse regulatory properties in combination with population-based signals of selection.
The primary aim of this thesis has been to improve strategies for identifying,
comparing, and visualizing regulatory element to be able to identify intrinsic properties
of SNPs affecting regulatory elements. This thesis can principally be broken down into
two major sections where Chapters 2, 3 and part of 4 discuss research undertaken for the
purpose of characterizing regulatory elements and Chapters 4 and 5 discuss the
development of a technique for characterizing regulatory polymorphisms.

The first

section of this thesis describes the development and utility of four bioinformatics
resources: Sockeye, Chinook, ORC and ORegAnno.

This second section addresses

causative regulatory variants as integrated through ORegAnno and an approach for using
diverse regulatory properties and population genetics features for discriminating them
within a promoter sequence. A summary of the analyses as presented in Chapters 2
through 5 are given here.
In Chapter 2 (as published in [403]), I describe a bioinformatics resource called
Sockeye which was designed to integrate and visualize functionally-related genome
sequences and their annotations to improve identification and characterization of
regulatory elements. Sockeye was designed to permit database-driven, phylogenetic
footprinting, coexpression-derived, and motif scanning approaches all in the context of
EnsEMBL-curated genome annotation. Sockeye was specifically linked to dbSNP to be
able to identify locations where putative regulatory elements collocated with
polymorphism data.
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In Chapter 3 (as published in [404]), I describe a bioinformatics resource called
Chinook and an implementation of such for assessing motif discovery algorithms called
the Open Regulatory Competition (ORC). With limited resources to perform highthroughput analysis of putative regulatory-SNPs visualized in Sockeye, I was interested
in identifying and increasing the efficacies of utilized regulatory prediction tools. To
address this, I created Chinook to run diverse sets of algorithms within the Sockeye tool.
Chinook was expanded to use peer-to-peer technology to both: allow researchers to
connect their own algorithm to Sockeye so that their results could be visually compared
against other imported algorithms and annotations; and so that I could also compare
different regulatory analyses in the context of available variation annotation. Chinook
was used to develop an online platform for comparing these tools using a web application
ORC. ORC compares discovered motif discovery algorithms using criteria published by
Tompa et al. [97].
In Chapter 4 (as published in [405]), I describe a bioinformatics database called
ORegAnno which was designed to aid in curating known regulatory elements and their
functional variants.

This database was designed to be an open repository for this

information and has since led to an internationally-funded, multi-centred collaboration
called RegCreative aimed at further populating this resource. Of specific importance to
this thesis, within ORegAnno, I hand-curated from 97 publications over 160 regulatory
polymorphisms that were identified to individually cause changes in gene expression.
This required manually filtering an extensive number of publications that identify
regulatory polymorphisms which are only associated to gene expression changes (not
confirmed as causal).
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In Chapter 5 (in preparation), I describe a bioinformatics approach and associated
software called the Cis-acting Human Mutation (CHuM) modules designed to use
multiple regulatory and population genetic features of known regulatory polymorphisms
from the ORegAnno set to prioritize candidate regulatory polymorphisms for testing. I
characterize the importance of particular discriminatory features. I also discuss this
method’s relevance to an ongoing cancer study at the CMSGSC.
Each of the bioinformatics-based resources and approaches presented in these
chapters addresses a broad range of experimentation. The applicability of Sockeye,
Chinook and ORegAnno to other investigations will be highlighted in their respective
chapters. The extension of the ORC approach to other bioinformatics domains is a
tangible alternative. The aim of this work, however, has been to contribute to our overall
understanding of gene regulation and the role of genetic variation while critically
evaluating alternative approaches to how bioinformatics resources are identified,
compared and visualized among peers. Each of these chapters, while unified in their
direction, will describe independent contributions designed to achieve this aim.
During the course of my thesis, I have had the opportunity to be involved in
several collaborative projects at Canada’s Michael Smith Genome Sciences Centre
(CMSGSC) which have been described in publications or submitted manuscripts. I have
been able to utilize the Sockeye tool to aid in investigation of the SARs coronavirus
genome as it was being sequenced at the CMSGSC. At the time, there was speculation as
to whether the SARs virus was the recombination product of two other coronavirus
genomes; I was able to help provide evidence that revealed that it was not derived from
such an event [403,406]. Furthermore, I have been involved in work to organize and
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collate scientific publications within the CMSGSC by aiding Martin Kryzinski in crossreferencing publications against PubMed [407]. Finally, I have been involved in a
genome-scale regulatory element prediction pipeline called cisRED through initial design
and critical evaluation [268].
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Chapter 2: Sockeye: A 3D Environment for Comparative Genomics

A version of this chapter has been published:
Montgomery, S.B., Astakhova, T., Bilenky M., Birney, E., Fu, T., Hassel, M., Melsopp,
C. Rak, M. Robertson, A.G., Sleumer, M.C., Siddiqui, A.S., and Jones, S.J.M. 2004.
Sockeye: A 3D Environment for Comparative Genomics. Genome Research. 14(5): 9566
Coauthorship details: Dr. Steve Jones and I were responsible for the initial design of the
Sockeye resource. Pre-publication, I was a major facilitator and implementer of the
Sockeye project. Of note, I designed and implemented several user-interface components
and components to embed different bioinformatics analyses, obtain EnsEMBL annotation
(such as genes, repeats and SNPs), and visualize regulatory analysis scores. I wrote the
published manuscript.
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2.1 Introduction
When dealing with biological data, the method by which the data is presented
affects the inferences that a trained observer can make. This is especially true when
dealing with sequence and annotation data. Users are presented with a wide variety of
predicted and experimentally supported annotations from which hypotheses on the
structure and function of the sequence can be inferred. Common inferences include
whether or not the sequence contains a gene and, if so, what are the sequence features
that predict likely function. To analyze these, researchers have had available many
genome browsers, some of which target specific organisms [408,409] or groups of
organisms, like EnsEMBL [21] and the UCSC Genome Browser [20]. These browsers
are extremely well-maintained and offer extensive annotation. However, each browser is
designed to reflect information in the context of a limited number of sequences.

To

address questions such as whether a sequence shares similarities with several other
sequences, most genome browsers would require the user to open several independent
browser windows.

This complicates the perusal of annotation information. Motivated

by a desire to perform comparative genomics analyses in an integrated environment, we
have designed a software application named Sockeye that allows a user to simultaneously
visualize and manipulate both small and large sets of sequences and their annotations.
Sockeye’s integrated environment removes the organismal boundaries common in
genomics browsers at a time when comparative genomics analyses are positioned to
answer questions related to gene regulation and the evolution of structure and function in
the genome [152]. Users of Sockeye are able to analyze large sets of functionally-linked
sequences, sequences containing genes that are coexpressed and sequences that are
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orthologous across multiple species. These sequences can be imported with user-defined
annotation or EnsEMBL-curated information, allowing researchers to compare conserved
structures. Loaded sequences can be exported, aligned, or discarded. Furthermore, by
allowing a user to import custom annotation, Sockeye can facilitate comparative analyses
across sequences from any source.

For example, we have used this functionality of

Sockeye to compare the genome sequence of the SARS virus against the protein
complement of other similar coronaviruses [406].
The nature of genome browsing in Sockeye is different from existing browsers.
Instead of representing data as 2D images, where annotation is marked above and below
the sequence, we have developed a 3D environment where annotation can exploit a 3rd
dimension. A 3D environment is conducive to comparative analyses where sequence,
organism classification, and annotation take up individual dimensions. In particular, a 3rd
dimension (z-axis) is well suited to displaying the magnitude of an associated score when
a sequence annotation is predicted in silico. Each annotation in Sockeye is displayed as
an individual 3D model mapped to a user-defined size and colouring scheme. Each 3D
model is specified in a user-configurable XML format file. This allows a user to specify
an extensive number of individual annotation objects from only a small collection of 3D
primitives (spheres, cylinders, cones, etc.). We propose that the large combination of
differential coloring and modeling schemes within a 3D environment will allow
researchers to quickly visualize and identify potentially important conservation patterns
in multiple sequence datasets.
Sockeye allows users to execute and visualize sequence alignments. Alignment
visualization tools like PipMaker [410], while capable of rapidly creating high-quality
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images, require set-up of annotation and sequence files. Sockeye integrates the process
of obtaining sequence and annotation data. Furthermore, alignment visualization tools
like PipMaker, VISTA [411] and synplot [412] offer limited links between alignment
results and annotation data (VISTA allows users to view the UCSC site in their Internet
browser).

Sockeye provides its alignment results with rich annotations like low

complexity repeats and ESTs. Sockeye also allows a user to simultaneously visualize
several different alignments and easily view their underlying gaps. This allows a user to
compare results from an individual algorithm with different input parameters, or from
several different alignment algorithms (see Figure 3). Sockeye’s focus on providing
users with the ability to run genomic analyses, like alignments, defines the principal
difference between it and the Apollo project [413]. Apollo, is designed to give a user
extensive information to analyze previously run alignments in the pursuit of identifying
genomic annotations, like genes.

Sockeye, allows a user to perform alignments as

required to examine the relationships between sets of sequences when searching for
functional non-coding elements.
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Figure 3: Multiple alignment visualization in Sockeye.
Sockeye is simultaneously showing alignments for regions around the first exon of the Huntington’s
Disease Protein (HD) from LAGAN (top four sequence tracks) and ClustalW (bottom four sequence
tracks). The sequence tracks in order are 1) Mouse, 2) Rat, 3) Human, 4) Fugu, 5) Mouse, 6) Rat, 7)
Human, 8) Fugu. For the LAGAN algorithm, the start of translation of the HD gene in each species
aligns perfectly. For the ClustalW algorithm, the start of translation for the first exon of the Fugu
orthologue is misaligned. The EnsEMBL exon annotation includes the untranslated region.
EnsEMBL-curated repeats are shown in red; gaps are shown in gray. This image shows how
Sockeye can be used for comparative genomics and comparative algorithmics.

The use of 3D in any type of data visualization and analysis application has
advantages and disadvantages. 3D data visualization has been successfully utilized for
engineering design and for geological and meteorological modeling but it is relatively
unexplored in genomics. The success of 3D applications in genomics has been restricted
to those used for protein structure analysis [414-416] and gene expression mapping [417].
Several new applications have emerged to bring 3D visualization to genomic data
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analysis. The most notable are the University of Calgary's Java3D CAVE application
[418] and the complementary Stichting Academisch Rekencentrum Amsterdam 's
Saragene CAVE [419]; both of which use specialized hardware environments, the cost of
which is prohibitive for the majority of researchers. Additionally, a more significant
disadvantage with 3D applications in general has been that most researchers find it
difficult to make quantitative assessments of 3D data as the environment can either
enhance or detract from certain characteristics based on an individual’s choice of
projection. We have aimed to mitigate this problem by providing the user with access to
the full range of controls available in most genomic browsers for navigating along
sequences and zooming in and out.
One of the fundamental challenges of developing genomic tools and databases is
providing the computational interface for research biologists. To approach this, we have
focused on providing analysis algorithms to experimentalists without requiring a steep
learning curve in applying the algorithm or onerous prerequisite installations. Sockeye
allows a user to navigate homologies and align sequences in an integrated environment.
Qualitative assessments of sequence similarities can rapidly be made and sequences can
be viewed, copied, or exported. Our goal has been to provide the user with an easy
system for locating and extracting interesting targets from comparative genomics
analyses for subsequent lab and computational study.

2.2 Methods
Sockeye is a standalone application written in Java using JDK1.4.x and Java3D
1.3.x. The EnsEMBL-Java API is used for EnsEMBL-related data access and connection
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management. Biojava is used to support file importing and the handling of annotation
data. Java RMI is used to connect to standalone analysis programs on the CMSGSC
servers. Currently, we use both the JOX (http://www.wutka.com/jox.html, JOX) and
XOM (http://www.cafeconleche.org/XOM/, XOM) toolkits to parse our XML startup
files and saved files, repectively. Team development occurs in both Linux and Windows
via JBuilder and Eclipse. Version control is accomplished using CVS. Sockeye has been
tested in OpenGL and DirectX modes with GForce2 MX graphics accelerators.
Suggested start-up RAM is 256MB-512MB for large data queries. We have been able to
run Sockeye using 64MB of RAM for smaller data queries (~1Mb).
To facilitate development we manage an EnsEMBL data mirror at
db01.bcgsc.bc.ca and web mirror at ensemb01.bcgsc.bc.ca:8082. The EnsEMBL data is
stored in a MySQL database served from an IBM X440 server with 8-1.5Ghz Xeon
processors and 8 Gb of RAM. For presentation purposes, we have been able to mirror
EnsEMBL and run Sockeye on a 1.8 Ghz P4 IBM ThinkPad with 60 Gb of hard-disk
space and 128 Mb of RAM. The easiest method of using Sockeye is to import data from
EnsEMBL at kaka.sanger.ac.uk or db01.bcgsc.bc.ca.
We build our auto-installers for Linux and Windows operating systems using
InstallAnywhere. Installations of Sockeye require at least 80Mb of available hard drive
for Linux and 55Mb for Windows. It is also recommended that individual users have at
least 64MB of available RAM. Sockeye comes prepackaged with the latest Java Runtime
Environment and version of Java3D.
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2.3 Results
2.3.1 Sockeye Design
The central theme of Sockeye development has been to construct a generalizable
and portable software application capable of analyzing and comparing the characteristics
of several EnsEMBL-based genome annotations simultaneously.
To facilitate comparative genome analysis, Sockeye is designed to connect and
retrieve all major eukaryotic genomes for which a publically-available EnsEMBL
annotation exists. A user is currently served annotations of H. sapiens, M. musculus, R.
norvegicus, C. elegans, C. briggsae, D. rerio, F. rubripes, D. melanogaster and A.
gambiae through connections to public EnsEMBL MySQL servers.

Sockeye’s 3D

environment is designed to allow the user to simultaneously browse and visualize these
annotations.

This allows the user to easily view detailed comparisons of genomic

structure across multiple organisms. Additionally, to provide genomic annotation in
highest possible context, the user is able to connect to relevant external websites for gene
annotations. Sockeye currently connects to WormBase [18], Human MapViewer [420],
and LocusLink [421].
The design of Sockeye facilitates combining comparative genomics and
comparative algorithmics. Sockeye connects to the Chinook application server using
Java RMI technology [404]. This service allows a user to run a suite of alignment
programs without requiring local installation.

The publication version of Sockeye

supported ClustalW [175] and LAGAN [176] alignments.

The current version of

Sockeye has an enriched set of alignment, primer prediction and motif discovery tools
provided to it through Chinook (this technology is discussed more in Chapter 3).
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2.3.2 Data Structure - Storing and managing retrieved annotations
The fundamental challenges of storing and managing the visualization of genomic
annotations are primarily attributed to the complexity of the information and large
volume of available data. To meet these challenges, Sockeye creates simple annotation
objects called TrackFeatures. These objects are based on Biojava's current version of the
GFF specification [422]. In Sockeye, they represent everything from genes to SNPs.
The value of this approach is that Sockeye uses only a minimal amount of memory for an
annotation.

Because of this design, for example, Sockeye allows the simultaneous

visualization of all the genes on the six C. elegans chromosomes on a P4 workstation
with 256Mb of RAM.

2.3.3 Sockeye - A GUI Perspective
On initial start-up, the user sees the sequence track selection tree, the feature
selection tree, several navigation controls and the 3D viewport with one empty sequence
track visible (see Figure 4). Before any of these components become useful, sequence
tracks must be loaded, queried, or imported. A user can use the sequence track selection
tree in the upper-left corner to select sequence track specific operations; for example,
reversing the strandedness of the visible sequence track, toggling the visibility of the
sequence track, or lining-up marked regions. Each sequence track in the sequence track
selection tree contains detailed information about its sources; this information can be
accessed through the right-mouse button. The feature selection tree allows the user to
select which genomic annotations are visible.

For example, a user who selects

"multitranscript" from the "Gene and gene prediction" branch will be able to see a
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floating sphere above the first exon of a gene that contains more than one spliceoform.
From these 3D objects, the user can subsequently view the splicing structure of these
transcripts or view the distribution of these types of genes across a sequence contig or
chromosome.

Figure 4: Sockeye GUI layout.
A) The menu. B) The sequence track selection tree. From this component, a user can show/hide and
obtain detailed information for loaded sequence tracks. C) The feature selection tree. This
component allows a user to show/hide annotation types. It’s hierarchical structure is dynamically
generated from Sockeye’s XML start-up files. D) The navigation toolbar. This component contains
tools to navigate loaded sequence tracks. E) The 3D viewport. This is where a user is able to
perform analysis and visualization functions on 3D sequence tracks and annotations. F) The status
bar. This informs the user of the status of pending EnsEMBL queries and of memory usage.
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2.3.4 3D Viewport
Sockeye has been designed to allow researchers to easily compare the extensive
information contained across multiple genomic sequences. Sockeye’s 3D viewport is
where a user is able to visualize and manipulate sequences and annotation data in 3D.
Individual sequences are displayed in the viewport as a sequence track (blue plane). As a
user subsequently imports additional sequences, the viewport shows these by drawing
new sequence tracks adjacent to previous ones. Each sequence track is delineated by its
name and start and ending coordinates in nucleotides.
The 3D viewport has been designed to give a user the flexibility in arranging and
visualizing data. Once a sequence track is imported in Sockeye, either through an
EnsEMBL database query or by loading a file, the user can zoom, pan, and rotate the
position of the sequence track using their mouse controls. The sequence track is also an
active object; a user who selects the sequence track can highlight or mark individual
regions for further analysis. This allows the user to easily select regions of a sequence
for refined analyses such as being used for sequence alignment, for sequence export, or
for copying into a new sequence track. Additionally, a user is able to adjust the position
of individual sequences with respect to annotations on other sequence tracks. This allows
a user to import multiple sequences but adjust them to the same reference, such as, the
start of a particular gene. This feature has allowed us to line-up homologous genes,
aiding the visual identification of upstream similarities.
Individual users can modify some of the display properties of the 3D viewport
through the options dialog in the Edit menu and through menu items in the View menu.
The dialog allows the user to toggle anti-aliasing and mouseover pop-ups. The View
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menu allows the user to change the visible sequence track orientation between a top view
and various preselected viewing angles. A user is also given the option of saving a
particular 3D viewport orientation so that they can return to it at a later time. This can be
particularly helpful if several orientations display important information.

2.3.5 Integrated Support and Maintenance
A major challenge in Sockeye development is that the application had to be easy
to use and it would have to be able to adapt to the rapidly changing needs of its user
community. Sockeye handles the first of these issues by containing its own contextsensitive help documentation.

As well, Sockeye provides its own error tracking and

feature suggestion mechanism. A user can fill in reports of erroneous behaviour or
desired improvements directly in the application. These reports are sent to a Sockeye
issue tracker.
Sockeye users can subscribe to development (sockeye@bcgsc.bc.ca) and
announcement (sockeye-announce@bcgsc.bc.ca) mailing lists from the CMSGSC's
Sockeye page (http://www.bcgsc.ca/gc/bomge/sockeye, Sockeye). This web-page also
includes detailed "How-to" documentation and an online version of the Sockeye help
pages.

2.4 Discussion
Sockeye has been designed to leverage 3D graphics technology with tools for
performing comparative genomics. We have hypothesized that such an information-rich
3D environment will allow us to quickly view the underlying characteristics of multiple

82

sequences within a single genome or from multiple genomes. We believe that the
success of this design can be demonstrated from ongoing and previous applications of
Sockeye to gene regulation, gene discovery and viral genomics studies.
1) The NISC Comparative Vertebrate Sequencing Data: We have used Sockeye
to visualize the upstream region of the CFTR locus. BLASTn [267] was used to anchor
each individual species’ contigs to the human genome prior. Subsequently, we used
LAGAN to complete a multiple alignment of all the sequences that possessed one
BLASTn match to the human CFTR locus. We were able to observe regions of similarity
across 14 species.
2) Transcription Factor Binding Site Analysis:

We have used Sockeye to

visualize the locations of muscle and liver specific regulatory modules upstream of
CACNL1AS in human and its ortholog, Cacna1s, in mouse. We used a LRA algorithm
to scan sliding windows of 200bp incrementing by 5 bp to generate GFF data that was
imported into Sockeye as a distribution [220]. From this data we were able to visualize
the location of several tissue specific regulatory modules (see Figure 5).
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Figure 5: Comparison of Muscle Specific Regulatory Modules in CACNL1AS/Cacna1s in Human
and Mouse.
Sockeye displays LRA predictions for muscle regulatory modules as a 3D grid, superimposed on
genes (green exons, orange introns). Height and colour intensity represent confidence that a specific
region binds muscle-specific transcription factors. To obtain this image, we imported LRA score
predictions as GFF and then created a distribution feature in Sockeye’s import dialog.

3) Searching for new genes in C. elegans: Sockeye is being used in preliminary
analyses at the CMSGSC for mapping SAGE tags to C. elegans. Because Sockeye shows
EST information and C.briggsae annotation information, users have been able to find
SAGE tags that map to unannotated regions of C.elegans and that also share strong
homology with annotated genes in C. briggsae (G. Vatcher, personal communication).
4) SARS-CoV phylogeny: Using data generated from a BLASTX analysis of the
protein complement of the nidovirales family against the SARS-CoV virus, Sockeye was
able to simultaneously display the dissimilarities present between SARS-CoV and viruses
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in this family (see Figure 6). This analysis added further visual evidence that SARS-CoV
didn't originate from a recombination of two coronaviruses and was in fact a new type of
virus [423].

Figure 6: SARs-CoV analysis.
These sequence tracks show a BLASTX analysis of the SARS-CoV virus against 1) Avian Bronchitis
Virus, 2) Bovine Coronavirus, 3) Human Coronavirus 229E, 4) Murine Hepatitis, 5) Porcine
Epidemic Diarrhea Virus, 6) Transmissible Gastroenteritis Virus. The last sequence track is SARSCoV annotation imported from NCBI. This image shows dissimilarities between the SARS-CoV
virus and other related viruses. These dissimilarities are pronounced in the structural proteins at the
3’ end (right). The score for each BLASTX hit is represented by height for each corresponding 3D
feature in Sockeye. INSET: The top view clearly shows the nature of the alignment.

The underlying method for completing these analyses was to convert data into a
format that Sockeye could read and then import it into Sockeye for visualization. In each
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of the above cases, we used GFF files to import new annotation. New 3D models were
specified for these features in our XML configuration files allowing us to choose colors
and shapes that enhanced the visibility of the data.
Sockeye is well-positioned to handle new types of comparative genomic analysis
for gene regulation studies.

By allowing a user to set-up and run alignment programs

from within Sockeye, we are able to perform phylogenetic footprinting analyses while
keeping all EnsEMBL annotation in the context of the alignment. This utility is in
contrast to most alignment applications which require the user to run alignments and then
determine if similarities overlap known annotations. By integrating this feature into
Sockeye, we can easily answer whether known polymorphisms overlap putative
regulatory regions and could possibly contribute to an observable phenotype.
Additionally, Sockeye allows the user to highlight alternative spliceoforms. This utility
is particularly useful for genes with similar regulation mechanism as those found in
Nspl1, where a specific spliceoform is likely regulated by an intronic promoter [424].
Furthermore, any type of prediction algorithm that can report sliding window scores or
putative regulatory regions can be imported directly into Sockeye for visualization as
individual features or as distribution data. Furthermore, recent integration of Sockeye
with the coexpression set of Griffith et al., allows for comparative analysis of the gene
sets [269]. This allows Sockeye to be a workbench for viewing data across functionallylinked genes through orthology or coexpression.
Sockeye is distributed solely as a standalone application.

The benefit of a

standalone application is that Sockeye, without requiring the mirroring of external
databases, can save data while connected to the Internet for perusal at a later time.
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Additionally, by supplying XML configuration files in a standalone distribution, Sockeye
allows a user to easily customize their own installation. In contrast, however, most
genome browsers have been successful because they can easily deliver their content
through the Internet to a user. Since Sockeye is a standalone application, it is limited by
the CPU, memory and graphics card that a user possesses. A recent version of Sockeye
attempts to alleviate these restrictions by incorporating semantic zooming.

This

mechanism shows information in a form appropriate for the resolution of any given track;
for instance, at a certain count and resolution threshold, Sockeye will display SNPs as
distributions across the track instead of discrete features. Furthermore, the querying of
external MySQL servers can be slow during peak usage; some queries, depending on
size, take several minutes.

To alleviate this, we have switched from a “query all

annotations” strategy to a strategy where we query individual types of annotation on
demand.
The Sockeye software is available for Windows (DirectX and OpenGL modes)
and Linux (OpenGL mode) download at http://www.bcgsc.ca/gc/bomge/sockeye/. The
Sockeye source code is available from the authors under license, at no cost, for academic
use.

2.5 Conclusions
While amenable to multiple uses, my focus in this work was specifically to
develop an integrated strategy for investigating regulatory elements and regulatory
polymorphisms. Sockeye integrates comprehensive annotation, comparative analysis and
motif discovery tools along with information regarding alternative transcripts,
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coexpression and orthology for any particular gene. This approach is certainly tractable
for researchers investigating polymorphisms in a particular gene but, like most genome
browsers, is not particularly well-suited to genome-wide analyses. Furthermore, while
developing Sockeye, it became apparent that the diversity of bioinformatics tools
available for alignment and motif discovery was unwieldy. To address this, I began
exploring novel ways of integrating and assessing these tools; this research is the focus of
the next chapter.
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Chapter 3: An application of peer-to-peer technology to the discovery,
use and assessment of bioinformatics programs

A version of this chapter has been published:
Montgomery, S.B., Fu, T., Guan, J., Lin, K. and Jones, S.J.M. 2005. An application of
peer-to-peer technology to the discovery, use and assessment of bioinformatics programs.
Nature Methods. 2(8): 563
Coauthorship details: Several of the coauthors added small pieces of code to the Chinook
project. Of note, Tony Fu provided a prototype of a Web Services implementation. I
was primarily responsible for the design and implementation of this resource and the
Open Regulatory Competition website. I wrote the published manuscript.
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3.1 Introduction
Bioinformatics techniques are used to manage large amounts of biological data
and elucidate complex biological relationships. The assembly of multiple genomes and
the development of high-throughput assays has made necessary large sources of
computational power to analyze and store these relationships. This need is particularly
relevant in research domains such as protein structure prediction [425-427], expression
profiling [428-430], gene regulation analysis [73,76], genetic analysis [431], and
evolutionary analysis [160]. Because of the applicability of bioinformatics techniques to
these domains, the ability to rapidly use and compare state-of-the-art bioinformatics
algorithms has well-defined utility. However, in many situations, it is difficult to use
these algorithms; even when a suitable algorithm has been determined, many run only on
specific operating systems, have complex installation requirements, require high-end
CPU or other hardware resources, or require the user to adjust to disparate input
requirements and modes of operation.

To help researchers find specific types of

algorithms, many websites [432] and publications [75] have collated links to several top
bioinformatics resources; but new integrative efforts have been required to improve both
accessibility to computational resources, and the way bioinformatics algorithms are
accessed and used together.
To improve accessibility to bioinformatics resources, several bioinformatics
projects successfully aid researchers in accessing suites of algorithms (see Table 7). Well
established applications like EMBOSS [433] and the SDSC Biology Workbench [434]
provide access to a wide variety of algorithms. Additionally, an increasing number of
new integrative projects have also become available for particular areas of research. For
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gene regulation analysis, the Toucan workbench [259] and SeqVISTA [260] allow users
to remotely access tools for comparative genomics, motif detection, and module
detection. For expression profiling, integrative tools like Expression Profiler [435] and
TIGR MeV [436] (MultiExperiment Viewer) incorporate algorithms for clustering,
visualization, and statistical analysis.

Table 7: Integrated Bioinformatics Projects

GENERAL ALGORITHMS AND DATA
BioMOBY[437]
LSID[438]
BioPERL[439], BioJAVA[422]
caBIG[440]
eScience[441]
BIAS[442]
PathPort/Toolbus[443]
GLAD[444]
KDOM[445]
Pise[446]
EMBOSS[433], JEmboss[447]
SDSC Biology Workbench[434]
SeWeR[448]
AnaBench[449]
Celera Discovery System[450]
myGRID[451]
PIPELINE
bioPipe[452]
Taverna[453]
Pegasys[454]
Alfresco[455]
FLOSYS[456]
BOD[457]
GENE REGULATION
Toucan[458]
Sockeye[403]
SeqVISTA[260]
PROTEIN ANALYSIS/
GENE PREDICTION
exPASy[459]
PipeAlign[460]
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DaliLite[461]
GeneComber[462]
GeneMachine[463]
STING Suite[464]
BioInfo3D[465]
Molecular Biology Toolkit[466]
EVOLUTION/
COMPARATIVE GENOMICS
Taxonomy Workbench[467]
PAL[468]
SNAP[469]
PLATCOM[470]
Piptools[471]
EXPRESSION ANALYSIS
TM4[436]
Expression Profiler[435]
Biosphere[472]
SYSTEMS BIOLOGY
Systems Biology Workbench[473]
Voyagene[474]
KnowledgeEditor[475]
DATA MINING
WEKA[476]
InfoEvolve[477]

A common constraint with each of these approaches is that they are dependent on
one or more centralized resources; each approach requires prior knowledge of the
relevant server locations on the Internet, either hard-coded into the application by
developers or accessible through a service registry. Furthermore, the independence of
each project may result in duplicated effort since many of these projects share similarities
in their underlying bioinformatics toolsets. Our interest in integrating and comparing
regulatory element discovery algorithms meant that we could create another suite for our
particular analytical approach possibly overlapping integrative efforts of other suites in
development; however, we reasoned that a more collaborative approach would improve
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the accessibility and relevance of the analysis over a greater period of time. It is our
hypothesis that a dynamic community-based approach to CPU usage, algorithm
integration, and maintenance will improve the overall long-term quality of most
integrative projects not just our own. By creating a means by which each project can take
advantage of integrative efforts of the community, each individual project reduces the
amount of maintenance that is required to provide reliable access to bioinformatics
algorithms.

3.2 Methods
3.2.1 Chinook Architecture
We aimed to fulfill three requirements when implementing a peer-to-peer
platform for bioinformatics analysis; the discovery of algorithms on the network and
submission and retrieval of analysis should be available to users regardless of their
operating system, the integration of new algorithms should be as simple as possible, and
that the peer-to-peer component should have minimal consumption of CPU resources.
To facilitate these requirements, the Chinook software is divided into three major
components: the client node, the server node, and the peer-to-peer node (see Figure 7).
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Figure 7: Chinook platform.
Distributed servers advertise command-line algorithms across the Internet. Discovered algorithms
can be accessed from online, a graphical client, Perl scripting, or various other Chinook-integrated
applications. The ubiquitous availability of algorithmic support through the Chinook Client to
various applications reduces the amount of time application developers need to spend (re)integrating
support for different algorithms. (Reprinted by permission from Macmillan Publishers Ltd: Nature
Methods, Montgomery et al., 2(8): 563, copyright 2005.)

The client node is designed to facilitate algorithm discovery and job
submission/retrieval either through a Java-based GUI, a Struts-based web application, or
a BioPerl-based Perl module.

Client nodes discover bioinformatics services by

connecting to a running instance of the peer-to-peer node and retrieving a list of
algorithms at different server node locations on a computer network. Once a desired
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service has been selected, the client then determines which location to submit their
analyses based on the response time of the server and the number of jobs being processed
at the location.

The client communicates directly with the server to process their

analysis. When an analysis is submitted to a remote server, the client is able to monitor
the standard output and standard error streams to observe the processing state of their job.
On job completion, the client is able to download all the result files including any
information written to the standard output or standard error stream during algorithm
execution. Chinook only provides the downstream result files from any analysis; end
users must make a choice as to how to visualize or subsequently process these files.
The peer-to-peer node is a Java application that facilitates discovery and
advertisement of bioinformatics services over the network. The separation of the peer-topeer node from the client and server nodes allows many clients or servers to exist as an
individual network identity; for instance, a user could have one client and two servers
active and all three instances of these components would be identified as belonging to a
single network user.

This configuration allows organizations to configure network

presence for their services by specifying n peer-to-peer nodes that are accessible to users;
thereby, reducing the individual CPU usage for discovery and advertisement operations.
The server node defines bioinformatics services using XML.

XML service

descriptions encode information about the parameters and default values that are
accessible to a client; they also encode information about where target applications exist
on the server and what modifications may be required to run them. The XML scheme in
use is documented in the Chinook User Guide [478] but familiarity with the XML
scheme is not required by as a server-side GUI is available to aid in customizing and
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adding new services. By using XML to describe bioinformatics services, new algorithms
can be integrated and deployed without requiring programming. A server node advertises
their bioinformatics services by connecting to a running instance of the peer-to-peer node
and providing the name, type, and network location of algorithms it hosts.
Chinook servers also provide access to configurable range of data sources. We
have plugged access to the EnsEMBL database into Chinook to facilitate ease of
sequence retrieval.

Adding new data sources and their associated client data entry

mechanisms is facilitated using Java reflection [479]. Client-server compatibility is
maintained by restricting clients to only the data entry mechanisms that they currently
possess.

3.2.2 Client-server communication
The peer-to-peer node utilizes the JXTA software library [480] to advertise and
discover service locations across physical network boundaries. JXTA is an open source
API designed to allow peer-to-peer communication between any networked devices
(ranging from cell phones to desktop computers).
Client-server communication is facilitated using the Java Remote Method
Invocation (RMI) protocol and/or Web Services. Servers using RMI require no special
configuration except an open registry port to allow incoming TCP/IP requests. Servers
using Web Services are deployed to a Tomcat Server running Apache Axis; we typically
use the default 8080 port for servers running over Web Services.
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3.2.3 Availability
The software and code is freely available from http://www.bcgsc.bc.ca/chinook/.
Chinook components are deployed and run from ANT; the Chinook client comes with its
own installer or can be run from Java Web Start. The Chinook web application is run on
Tomcat and can be mirrored by downloading a WAR file. All Chinook software and
ORC software is licensed under the Lesser GNU Public License.

The minimum

requirements for Chinook are a Java installation (1.4 or greater) and 256 MB of RAM.
Tools currently available through Chinook are listed in Table 9.

Table 8: Bioinformatics tools in Chinook.

ClustalW[175]
Conreal [481]
DIALIGN[482]
LAGAN[176]
Mauve[483]
ORCA (Wasserman WW, unpublished)
Shuffle-LAGAN[484]
T-Coffee[485]
Promoterwise (Birney E, unpublished)
Primer3[486]
Eponine[91]
ANN-Spec[100]
ELPH [107]
Recursive Gibbs Motif Sampler[108]
MEME[487]
Motifsampler[104]
RSAT oligo analysis[488]
STUBB[489]
Teiresias[98]
wConsensus[490]
Genscan[491]
Sim4[492]
MSCAN[230]
Cluster-Buster[229]
Clover[493]
Weeder[101]
AlignACE[102]
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MDScan[103]
GLAM[99]

3.3 Results and Discussion
We have developed a decentralized peer-to-peer platform for the exchange of
analysis utilities. Using the principles of common file-sharing applications, we enable
users to advertise, discover, and execute utilities across a computer network without the
requirement of a centralized server or administrative body. We have hypothesized that
this type of technology will greatly reduce the parallel efforts of bioinformaticians by
providing a shared foundation for their algorithm integration activities. Furthermore, in
developing a peer-to-peer platform for the bioinformatics community, we were able to
identify and address several challenges that are currently faced by end users of
bioinformatics applications, namely wet-lab biologists.

3.3.1 Peer-to-peer for end users
A significant barrier to algorithm utilization by end users (laboratory biologists,
bioinformaticians, and students) is that it is often difficult to identify the state-of-the-art.
The diverse landscape of bioinformatics utilities, the complexity of their interfaces and
underlying algorithms, and the competitive interests of rival groups make the problem
appear untenable; especially when most end users want to quickly utilize and compare a
combination of well-established and novel methods and then return to core tasks. A peerto-peer system has the advantage of being adaptable to community standards and
interests. As new utilities become available, they are instantly accessible to end users.
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When these utilities become adopted and served at more locations, end users can choose
to use them based on their higher presence in the network.

As long as algorithm

popularity is a reliable function of a particular algorithm's usefulness, end users will be
able to discover and utilize these algorithms and compare their results to other popular
utilities, whether they are simply different versions of the same algorithm or different
algorithms altogether. Furthermore, as more locations become available, end users have
access to an underlying computational resource that could facilitate application of the
algorithm to large datasets previously regarded as too computationally intensive.
A peer-to-peer approach further satisfies subtle barriers to algorithm utilization; in
many cases, end users cannot use particular algorithms due to incompatible installation
requirements, lack of documentation, and/or lack of support. Our peer-to-peer system
requires that utility maintenance is performed by utility providers instead of end users.
This requirement is of significant advantage to end users as bioinformatics utilities can be
accessed across operating systems, without requiring the end user to install dependencies,
maintain versions, and possess specific hardware. To enable an end user to obtain more
information about utilities they have discovered, we have integrated a web browser and
author links into our system.

This web browser allows them to visit associated

documentation or the relevant homepage for any particular service; thereby providing a
mode of attribution for the original authors of the utility and a method by which end users
can investigate particular utilities in further detail. Furthermore, utility providers have
the opportunity to publish their e-mail addresses to end users; this information provides a
community of contacts for end users interested in performing a particular analysis in
addition to the original author of the utility providing the support themselves. In many
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cases, this mode of contact is preferable when end users want to discuss the particular
benefits of various approaches among individuals who have utilized them.
As multiple barriers impede communication between the bioinformatics and end
user communities; regardless of whether they are organizational or individual challenges,
we have hypothesized that a collaborative network would aid in providing bioinformatics
analysis to the end user community and thereby improve the accessibility of the current
approaches as well as their long-term quality of application suites built on this
architecture. A peer-to-peer system provides a mechanism for end users to discover and
utilize new and well-established bioinformatics algorithms without requiring them to
identify, install, and maintain the utilities themselves. It is our belief that the large scale
adoption of an open peer-to-peer system by several bioinformatics groups would also
allow end users to target various algorithms based on their cumulative presence
throughout the network. We also believe that adoption of a peer-to-peer system at an
institutional level can improve the accessibility of bioinformatics resources within
individual organizations and consortia.

3.3.2 Peer-to-peer for bioinformaticians
The domain of bioinformatics development is often described as fractious;
Lincoln Stein is oft-quoted for comparing the efforts of bioinformaticians to the feudal
states of Italy [494]. The landscape of bioinformatics is changing though. As described
in Table 7, many integrative projects aim to improve the accessibility of biological data
and bioinformatics analysis to end users. We propose that a peer-to-peer platform for
analysis integration could improve the accessibility of algorithms for each of these
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projects and potentially provide bioinformaticians with unprecedented computational
resources.

An open community-based approach to algorithm integration allows each

participant to benefit from the integration efforts of the entire group.

However, a

significant barrier to adoption by the bioinformatics community to a common integration
infrastructure is correlated to the ease in which new utilities are integrated.

We have

developed a XML schema as part of our system to enable users to quickly describe and
integrate new utilities; new utilities can also be added through a graphical user interface.
By making server integration as easy as possible, our peer-to-peer system encourages the
advertisement of redundant utilities. This functionality not only provides a method by
which end users can determine which algorithms are commonly-used across the
community, but it also helps to both facilitate distributed computing applications, and
prevent the failure of centralized registries or servers, as no individual service location is
essential to the maintenance of the network.
In creating a peer-to-peer platform for bioinformatics analysis, we had to design
to specifically meet the needs of the academic bioinformatics community. Our platform
will allow new algorithms to get rapid exposure in the community but, as service
providers adopt these algorithms, also provide mechanisms for proper attribution. This
was particularly well-iterated by DJ States in response to Stein's call for an integrated
bioinformatics community where he stated, “[interoperable systems are] in direct conflict
with the need for recognition and citation and will do nothing for the career of the
developer” [495]. For this reason, we designed our peer-to-peer system with scientific
attribution in mind. A web browser is integrated into our system to take users directly to
the web sites of original authors (whether this points to a peer-reviewed manuscript or
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their home web site).

Furthermore, all service information is accompanied by

information about the original service developers. By paying particular attention to these
issues, we aim to have original developers take an active interest in providing their
services through this system.
This type of technology is further amenable to administrators looking for an easy
way to make their high-performance compute resources available locally or worldwide.
Bioinformatics labs can easily introduce sequence or annotation data into our system
allowing them to customize their nodes for specific types of in-house data. Our usage of
cross-platform technology like Java and Web Services, and our integration with Perl for
batching jobs over our system, makes usage compliant with standard bioinformatics
practices.
Chinook is currently being integrated and/or used in the Sockeye [403] and
BioMoby [437] applications.

Each application is developed by a different lab and

provides different types of analysis for several bioinformatics algorithms. By sharing a
common integration framework we have created a small collaborative network in our
community, where in many cases bioinformatics algorithms are maintained directly from
the original authors. Furthermore, Chinook also integrates the EnsEMBL [496] and
Jaspar [497] databases to facilitate specialized data entry. Currently, servers are available
at the BC Genome Sciences Centre, the Centre for Molecular Medicine and Therapeutics,
CANARIE Inc., and at Boston University. We plan to extend this system to more labs in
our community with an open invitation for other labs to provide their own services. We
provide

support

for

this

activity

http://www.bcgsc.bc.ca/chinook.
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at

chinook@bcgsc.bc.ca

and

3.3.2 Application of peer-to-peer approach to assessment of computational tools for
transcription factor binding site discovery
To demonstrate the applicability of our method, we have applied our peer-to-peer
software to the assessment of computational tools involved in transcription factor binding
site discovery. This activity is particularly amenable to a peer-to-peer approach as new
algorithms for discovery of transcription factor binding sites become increasingly
available.
A previous analysis of transcription factor binding site discovery tools involved
sending datasets to multiple tool developers and then assessing their results against
undisclosed positive controls [97]. This allowed tool developers to apply their algorithms
using desired parameter settings thereby creating a benchmark against which other tools
could be assessed. However, this analysis uses static datasets from four organisms and
fifty-four control datasets, and requires coordinating the analyses of multiple tool
developers. We have used the Chinook peer-to-peer platform to create a web application
called the Open Regulatory Competition (ORC) which performs immediate sensitivity,
specificity and positive predictive value measurements for a dynamically discovered set
of transcription factor binding site discovery programs across the Internet. Furthermore,
the correlation coefficient for all pairs of tools is generated and reported (Figure 8). A
user of ORC is able to quickly analyze new algorithms as they come online against
existing algorithms for optimal performance against their own datasets. This utility is
especially relevant as new datasets applying novel genomes and identified transcription
factor binding sites become available.
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Figure 8: Open Regulatory Competition Correlation Coefficient Table
Results from several transcription factor binding site discovery programs are compared using
random data. The correlation coefficient statistic is a measure of correlation between known and
predicted sites. A correlation coefficient of -1 indicates perfect anti-correlation whereas a value of +1
indicates perfect correlation. This chart shows correlation coefficient values for random data
(performance ability should not be assessed from this plot) for all combinations of ORC-integrated
tools
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This approach demonstrates the use of our platform in facilitating ongoing
competition and assessment of a wide-range of types of computational tools against novel
datasets. This system is further amenable to evaluating alignment, gene prediction, or
regulatory module prediction in the near future.
ORC is packaged as a WAR file for easy mirroring, is open-source to support
addition of new types of analysis, and has a Wiki page to support discussion of results.

3.4 Conclusions
This work demonstrates the use of peer-to-peer technology to organize and
synthesize diverse bioinformatics tools.

As part of this thesis, I was particularly

interested in how this technology might avail itself to identifying and comparing
alignment and motif discovery algorithms. The ORC application represents a strategy
that is tractable to these needs – particularly the open competition of established or novel
datasets through a web interface. This strategy allows any researcher, independent of
their background, to quickly evaluate the state-of-the-art in the field. The peer-to-peer
component further introduces a novel selection pressure mechanism to a burgeoning
population of bioinformatics resources. Through this work, I became acutely aware of
how limited existing regulatory element datasets are and how no substantial repository of
functionally regulatory polymorphisms exists. The focus of the next chapter is a strategy
that I developed to assemble a database that supports annotation of regulatory
information in perpetuity by the researcher community and the results of months of
focused literature review to assemble a high-quality set of functional regulatory
polymorphisms that could be used for the analyses as part of Chapter 5.
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Chapter 4: ORegAnno: An open access database and curation system
for literature-derived promoters, transcription factor binding sites and
regulatory variation.

A version of this chapter has been published:
Montgomery, S.B.1,, Griffith, O.L.1,, Sleumer, M.C., Bergman, C.M., Bilenky, M.,
Pleasance, E.D., Prychyna, Y., Zhang, X., Jones, S.J.M. 2006. An open access database
and curation system for literature-derived promoters, transcription factor binding sites
and regulatory variation. Bioinformatics. 22(5):637-40
Co-authorship details: I was responsible for initial design of the ORegAnno resource and
all computational implementation of this resource. The majority of co-authors listed in
the original publication have added valuable data to this resource. Of particular note, Obi
Griffith managed the population of this resource including several regulatory SNPs,
added the evidence ontology, and helped improve the schema and design as the database
developed. I wrote the published manuscript.
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4.1 Introduction
The effectiveness of bioinformatics methods for identifying regulatory regions in
genomic sequence is dependent on our understanding of gene regulation biology in its
natural state. This is particularly evident in that models of transcription factor binding in
regulatory regions have underpinned the development of such bioinformatics methods as
phylogenetic footprinting, transcription factor binding matrices and motif clustering
(reviewed in [73]). However, the predictive ability of algorithms which implement these
methods has been predominantly indeterminate, as their assessment has relied on datasets
containing few biologically-validated regulatory regions [97]. To enrich these datasets,
several databases have been designed to independently organize the sites of promoter
activity [115,117,123,125-127] transcription factor binding [114,129,130,132] and
regulatory variation [328,335,389]. Several challenges face the user when accessing
these databases for the annotation of biologically-validated regulatory regions. For many
databases, considerable investigation can be required to collate its information, determine
the original experimental techniques used, determine the “genomic scope” of the
annotation (i.e. what further annotation is in the vicinity and informative), obtain a
sequence of sufficient length to map to new genome sequence assemblies, cross-reference
or follow-up on specific annotation or access the annotation programmatically.
Furthermore, as new regulatory sequences become characterized each database requires
its own curators ad infinitum as few or no mechanisms currently exist in which a
community of researchers can add to or comment on these annotations. The Open
Regulatory Annotation (ORegAnno) database has been developed to address these issues
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and provide a unique platform for community annotation of experimentally verified
regulatory regions.

4.2 Description of the ORegAnno database
ORegAnno permits open annotation of regulatory regions by providing roles and
secure user accounts to contributors. Three roles exist for ORegAnno contributors: user,
validator and administrator.

A user role enables a contributor to add individual

annotations of promoters, transcription factor binding sites and regulatory mutations to
the database. As a first step in validating a new annotation’s authenticity, each submitted
annotation is immediately cross-referenced against PubMed [498], Entrez Gene [499],
dbSNP [327], the NCBI Taxonomy database [498], and EnsEMBL [21]. Once submitted,
the record is added to the database and an email is generated containing an XML
representation of this record to members of the ORegAnno developers’ mailing-list
(oreganno-guts@bcgsc.ca). As a second step in validating an annotation’s authenticity, a
validator role enables a contributor to score individual annotations in the database.
Validators will modify an overall score for an annotation based on their ability to confirm
the reliability of annotation from literature. Validators have the option of increasing the
annotation score by one if they can confirm the record, leaving the score unchanged if
their conclusions are indeterminate, or decreasing the score by one if an error has been
found.

Each observation and score modification of an annotation along with the

associated validator user information is stored in ORegAnno. An administrator role
enables a contributor to assign roles, add or define evidence (classes, types, and subtypes)
and batch upload large sets of annotations directly to the database. Both administrator
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and validator roles allow the modification of records; for a record modification, a new
record is created and the old record is marked as being deprecated by the newer record.
Each role is further permitted to add comments to individual annotations to improve
subsequent users’ understanding of a particular annotation. ORegAnno’s usage of roles
provides a level of accountability in the database as users become owners of their
annotation and validators become responsible for verifying an annotation’s authenticity.
For each type of annotation that is currently in ORegAnno, the database obeys the
following rules:
1) Each annotation describes a regulatory property of one target gene which is
either user-defined, in Entrez Gene or in EnsEMBL.
2) Each annotation must be attributed to a species which has a taxonomy id in
the NCBI Taxonomy database.
3) Each annotation can optionally be associated to a specific dataset.

This

functionality allows external curators to manage particular sets of annotation
using the ORegAnno’s curation tools.
4) Each annotation specifies an evidence type, subtype and class describing the
biological technique cited to discover the regulatory sequence.
classes are broken into two categories:

Evidence

the ‘regulator’ classes describe

evidence for the specific protein(s) that bind a site. The ‘regulatory site’
classes describe evidence for the function of a regulatory sequence itself.
These two categories are further divided into three levels of regulation
(transcription, transcript stability and translation).

Thus, a total of six

evidence classes currently exist. Evidence types describe the generic assay
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used while subtypes define specific implementations of these assays (Table 2).
Each annotation can have multiple entries from any evidence class, type and
subtype describing each piece of experimental evidence for the regulatory
sequence and/or binding protein.

Table 9: Evidence types and sub-types

Evidence type
Electrophoretic
Mobility Shift Assay
(EMSA)
Reporter Gene Assay

Protein Binding
Assay
RNA Expression
Assay

Protein Expression
Assay

RNA Stability Assay
SNP Discovery and
Genotyping
Orthologous gene
conservation
Gene Co-Expression

Evidence subtype
Direct gel shift
Supershift
Gel shift competition
Transient transfection luciferase assay
Chloramphenicol acetyltransferase (CAT) Assay
In-vivo GFP Expression Assay
Dual luciferase reporter gene assay
In-vivo LacZ Expression Assay
Chromatin immunoprecipitation (ChIP)
DNase Footprinting Assay
Yeast 1-hybrid assay
RNase Protection Assay (RPA)
Reverse Transcriptase Polymerase Chain Reaction (RT-PCR)
Allele-specific Transcript Quantification (ASTQ)
Competitive PCR (cPCR)
RNA Ligase-mediated Rapid Amplification of cDNA ends
(RLM_RACE)
Whole-mount in situ hybridization
Western Blot Assay
Enzyme-linked Immunosorbent Assay (ELISA)
Luciferase Expression Assay
Indirect Immunofluorescence
RNA synthesis blocking
Resequencing
Single-Stranded Conformational Polymorphism (SSCP)
Restriction Fragment Length Polymorphism (RFLP) Analysis
Conservation found by alignment
Conservation found by scanning with a motif model
Co-expressed genes determined through reporter gene experiments
Co-expressed genes determined through microarray experiments
Co-expressed genes determined through expression pattern
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5) Each piece of experimental evidence is optionally associated to a specific cell
type using the eVOC cell type ontology [204].
6) Each transcription factor binding site or regulatory mutation must specify a
target transcription factor which is either user-defined, in Entrez Gene or in
EnsEMBL. If there is no recorded gene target, a classification of “unknown”
is specified.
7) Each transcription factor binding site or regulatory mutation must include
sequence with at least 40 bases of flanking genomic sequence to allow the site
to be mapped to any release of an associated genome.
8) Where available, any annotation can provide search space information
specifying the region that was assayed, not just the regulatory sequence.
9) User information is recorded with each annotation.
10) Each annotation must reference a valid PubMed article. To reduce the entry
of redundant annotations, a warning is issued if an annotation is found with
either an existing reference identifier or matching genomic sequence.
11) For regulatory mutations, each variant or haplotype that has been proven to
cause a change in gene expression is a separate record.

The sequences

containing both the wild-type and mutant sequences must be specified. If
available, a dbSNP cross-reference can also be specified. The type of variant
is specified as either being germline, somatic or artificial.
12) Each record is associated to a positive, neutral or negative outcome based on
the experimental results from the primary reference. For instance, a sequence
that was demonstrated not to bind a particular transcription factor could be
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annotated as a negative outcome; however, to be meaningful, the associated
evidence must provide adequate information to determine the conditions
assayed.
ORegAnno comes equipped with analysis tools to assist in annotation of new
records. In many cases, extracting genome sequence from literature and identifying the
corresponding sequences in genome databases is problematic . ORegAnno provides the
tools ENSSCAN for finding one or more specific sequences within distances relative to
the start of an EnsEMBL transcript, ENSFETCH for retrieving small sequences within
distances relative to the start of an EnsEMBL transcript (i.e. from -34 to -40 of the
transcription start site), NCBISCAN for finding one or more specific sequences within
defined distances of a GenBank-reference sequence, and NCBIFETCH for highlighting
small (gapped) sequences within a GenBank-reference sequence.

4.3 Current content of the ORegAnno database
As of July 2006, the ORegAnno database housed a total of 3042 entries from over
100 users. These include 874 regulatory regions, 1991 transcription factor binding sites,
and 177 regulatory mutations (polymorphisms and haplotypes) from 11 species (see
Table 9).

A large fraction of these sites were obtained from previous large-scale

collections such as the FlyReg resource [114] and a large set of muscle/liver-specific
regulatory sites curated by Wasserman, Fickett and others [197,220]. 11 regulatory
polymorphism records were obtained from rSNP_DB [500]; rSNP_DB records were
filtered to include only those records which pertained to natural mutations or
polymorphisms. In addition, over 400 new annotations were obtained by manual curation
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of literature. Thus, the ORegAnno resource represents an assembly of existing records, a
significant addition of new records and provides an open-access system for continued,
community based accumulation of sites within a standardized framework.

Table 10: Current contents of the ORegAnno database.

Caenorhabditis briggsae
Caenorhabditis elegans
Danio rerio
Drosophila melanogaster
Gallus gallus
Homo sapiens
Mus musculus
Rattus norvegicus
Saccromyces cerevisae
Xenopus tropicalis
Totals

Regulatory
Haplotype
0
0
0
0
0
6
1
0
0
0
7

Regulatory
Polymorphism
0
0
0
0
0
170
0
0
0
0
170

Regulatory
Region
0
13
2
0
5
781
10
9
1
0
821

Transcription
Factor Binding
Site
24
189
0
1350
22
233
107
58
7
1
1991

4.4 ORegAnno Publication Queue
The ORegAnno database has recently been upgraded with a publication queue.
ORegAnno's publication queue allows registered users to input relevant papers from
scientific journals to a queue system for annotation. All that is required is a valid
PubMED ID (PMID). Each added paper is set to PENDING. Any user can explicitly
OPEN publications from the queue that are PENDING, to begin the annotation process.
Once a paper has been completely annotated, the user will set the publication state to
CLOSED. Otherwise, the user can revert the state back to PENDING. Comment fields
are available for each change of state in the queue. A publication must be in the work
queue before it can be annotated. VALIDATORS can set the state of a CLOSED paper
back to PENDING, if they feel something was missed, otherwise they may correct the
annotation directly. The value of this system is that it is trivial for users to contribute to
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the ORegAnno database and it is possible to capture a measure of the number of papers
needed to be annotated in the scientific domain.

Currently, the publication queue

contains 286 PENDING publications, 7 OPEN publications and 588 CLOSED
publications.

4.5 Access
The raw ORegAnno data is available directly over MySQL from db01.bcgsc.ca or
through Web services [501]. Methods are exported using Web services to search for
annotation by various fields enabling fetches by such fields as stable id, species, gene
name, transcription factor name or cross-reference sources.

ORegAnno also

automatically maps each annotation to its relevant genome using Blast [267]; these
mappings are viewable through the UCSC Genome Browser [20] or EnsEMBL using the
Distributed Annotation System [502]. Finally, the entire database is converted to XML
format and made available on the website daily. The ORegAnno web application is
open-source under the Lesser GNU Public Licence thereby permitting all forms of
modification and mirroring.

4.6 Conclusions
The ORegAnno resource represents the first open-access, community-based
forum for annotation of regulatory sequences.

ORegAnno is currently the largest

collection of functionally-validated regulatory annotations available with unrestricted
access. To our knowledge, it is the first resource to incorporate regulatory regions,
binding sites and variation into a single resource. It is also the first system to incorporate
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a structured system for experimental evidence and allow both negative and positive
results. The requirements for sufficient flanking sequence and verified gene identifiers
(Ensembl or Entrez) ensure maximum compatibility with the community’s various
research needs, both currently and in the future. The intention of ORegAnno is not to
replace any regulatory element databases. Many of the well-targeted databases have
domain- or species-specific information that would be impractical to incorporate into a
single resource. Instead, we hope to create a single multi-species database and curation
system for some of the most essential information (target gene, binding protein, binding
site sequence, etc.). Thus, we believe ORegAnno should exist in collaboration with the
more specific databases as a central warehouse of data, with the ultimate goal of
incorporating all experimentally-verified regulatory annotation. We anticipate that this
growing library of regulatory elements will prove an important resource for the validation
of computational methods of motif detection, investigations of regulatory element
evolution and an essential resource for the appraisal and validation of genome-wide
regulatory predictions [264,268].
Of the 125 users that have signed up for ORegAnno accounts, 12 have entered
ORegAnno records.

However, since the publication of this work, an international

collaboration has assembled to help populate papers into the queue using text-mining
strategies and has developed the RegCreative jamboree with the specific aim of
populating the ORegAnno resource [503].

My focus, as part of this thesis, since

development of the ORegAnno resource is to continue to maintain it and to use the
regulatory polymorphisms I have curated within ORegAnno to begin training approaches
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for prioritizing variants in the promoter regions of genes; it is this work that is the focus
of Chapter 5.
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Chapter 5: A computational discrimination strategy for regulatory
polymorphisms in the promoter regions of Homo sapiens.
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5.1 Introduction
Our ability to identify the molecular mechanisms responsible for specific genetic
traits within our population will be enhanced by our imminent ability to decipher each
individual’s genome. This is evident from recent advances in sequencing and genotyping
technologies, which allow an increasing number of variants to be sampled for association
and linkage (reviewed in [504-506]) and contribute a growing number of sources of
variation and their frequencies to public databases each year. As new variants become
identified, each becomes a molecular window into our past, present, and future--each aids
in tracing our genetic heritage, helping to chart the footsteps of our common evolution
and possesses the potential to predict disease or drug susceptibilities, acting as an earlywarning system in initiating preventative medical practice (reviewed in [507,508]).
However, our ability to catalogue genotypes has far outstripped our ability to associate
them with phenotypes.

Currently, over 6 million single-nucleotide polymorphisms

(SNPs; from a pool of over 27 million submitted SNPs) exist in version 126 of dbSNP
[327]; of these SNPs, only a very small fraction have been associated to a phenotype
using genetic association or linkage analysis assays. The reasons for this are because
these assays are costly, time-consuming, and dependent on the frequency of the genotype
in the sampled population. To select candidates for functional validation, computational
methods have been developed to identify SNPs that alter the protein-coding structure of
genes [337,359-367]. These types of computational methods predominantly prioritize
potentially harmful SNPs by identifying those SNPs which alter a protein’s amino acid
sequence, are targeted at well-conserved regions or functional protein domains, and alter
the biochemical structure of the protein. However, very few methods identify those
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SNPs which alter the expression of genes. Such SNPs have been implicated in the
etiology of several human diseases, including cancer [397,398], depression [399],
systematic lupus erythematosus [400], perinatal HIV-1 transmission [401], and response
to type 1 interferons [402]. This work has aimed to extend computer-based techniques to
identify this particular class of functional variants within the core promoter region of
human genes.
Conventional computational approaches to regulatory SNP classification have
predominantly relied on allele-specific differences in the scoring of transcription factor
weight matrices as supplied from databases like TRANSFAC and Jaspar [366,367,388].
SNPs which are located within matrix positions possessing high information content are
assumed more likely to be functional. Support for this hypothesis to-date, however, has
been restricted to single case examples and small test sets. Furthermore, a recent study
has failed to detect significant weight matrix signals in more than 33% of regulatory
polymorphisms [509]. The prevailing hypothesis in computational regulatory element
prediction has been that the majority of predictions using unrestricted application of
matrix-based approaches are false positives. By extending this technique and using
phylogenetic footprinting between mouse and human, it was demonstrated that from 10
SNPs which show significant allele-specific differences in Jasper predictions, 7 also
demonstrated electrophoretic mobility shift differences [388]. However, only 2 of the 7
had marked effect in reporter gene assays.

Conservation alone has also been

demonstrated as a poor discriminant of function in a study of regulatory polymorphisms
in EPD promoters where 0 of 10 experimentally-validated regulatory variants were in
conserved binding sites [136].
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A substantial challenge with developing strategies for identifying functional noncoding variants has been the shortage of characterized regulatory variants. Most studies
stop once a susceptibility haplotype has been ascertained.

While knowledge of

susceptibility haplotypes alone will enable characterization of an individual’s genetic risk
predispositions, the development of screening techniques, which identify the molecular
components altered by genetic variants, will be necessary in the development of targeted
pharmacological treatments.
To address this problem, we have assembled the largest openly-available
collection of functional regulatory polymorphisms within the ORegAnno database. From
this dataset, we have then looked at several features of these SNPs as they relate to
polymorphisms of unknown function (ufSNPs) within the promoter regions of associated
genes (up to 6kb). Our hypothesis has been that from an unknown combination of
regulatory and population genetic properties, the discriminative efficacy of individual
properties can be evaluated and significant predictors of function can be chosen. Within
our assayed set, we have found that the single biggest discriminants are the distance to
transcription start site, local repetitive density and content, minor and derived allele
frequency, CpG island presence, DNaseI hypersensitive site presence, and sequence
conservation.

Notably, the unrestricted application of a matrix-based approach is

demonstrated to be one of the least effective classifiers.
We have used this dataset to train a support vector machine (SVM) classifier.
Two approaches were used to train the classifier: one, where the properties of all positive
SNPs were compared to all ufSNPs and the other where each of the positive SNPs and
ufSNPs within an associated gene are compared to the average values for each property
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within that gene (termed here the “ALL” and “GROUP” approach, respectively). The
“ALL” approach is designed to ascertain if there are any discriminants that are important
across the test set, while the “GROUP” approach is designed to ascertain if there are
important directional shifts in values within a gene that may discriminate functional SNPs
from ufSNPs. In a cross validated test, the SVM achieves a ROC value of 0.89 +/- 0.06
(ALL; Sensitivity 0.85 +/- 0.12; Specificity 0.80 +/- 0.06) and 0.78 +/- 0.07 (GROUP;
Sensitivity 0.74 +/- 0.19; Specificity 0.65 +/- 0.14). We have used the SVM to prioritize
polymorphisms of importance to cancer.

5.2 Methods
5.2.1 Data
Literature describing genetic regulatory polymorphisms with direct effects on
gene expression was manually curated from PubMED [498].

171 relevant

polymorphisms were identified in 106 publications. Each polymorphism was strictly
selected based on supporting evidence which identified them as causal variants and not
simply in linkage disequilibrium with a functional polymorphism.

From this set, 109

polymorphisms were selected as containing only SNPs (indels were excluded) and being
within 6kb of the transcription start site of their associated gene (as annotated in version
37 of EnsEMBL [21]). In total, this 109-rSNP set contained polymorphisms involved in
altering the expression of 88 different transcripts.

Figure 9 illustrates the types of

original experiments that were performed within the 109-rSNP set and Figure 10
illustrates how these experiments were used to validate the effects of individual SNPs.
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Using each of the 88 transcripts, SNPs within 6kb of the transcription start site
were extracted from version 37 of EnsEMBL (dbSNP version 125)--2690 SNPs of
unknown function (ufSNPs) were obtained. The ufSNPs and 109-rSNPs have been
mapped

and

are

available

as

supplementary

material

at

http://smweb.bcgsc.ca/thesis/supplementary.html.

Single-Stranded Conformational
Polymorphism (SSCP) assay, 7
Reverse Transcriptase Polymerase
Chain Reaction (RT-PCR), 2

Sequencing, 7
Allele-specific Transcript
Quantification (ASTQ), 1

Chloramphenicol acetyltransferase
(CAT) Assay, 16

Direct gel shift, 51

Transient transfection luciferase
assay, 88
Gel shift competition, 30

Supershift, 19

RLM-RACE (RNA Ligase-mediated
Rapid Amplification of cDNA ends), 1

Methylation Interference Assay, 1

DNaseI footprinting assay, 4

Figure 9: Supporting evidence for regulatory SNP identification (by experiment)
Experimental assays conducted over the 109-rSNP set. The majority of experiments were gel shifts
and luciferase assays.
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Figure 10: Supporting evidence for regulatory SNP identification (by record)

Experimental assays conducted over for each of the 109-rSNPs.
confirmed using transient transfection assays alone.
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The majority of rSNPs were
Transient transfection luciferase assay, 42

Gel shift competition + Transient transfection
luciferase assay + CAT assay, 1

Direct gel shift + Transient transfection luciferase
assay + RLM-RACE, 1

Supershift + Transient transfection luciferase
assay + SSCP, 1

Direct gel shift + Gel shift competition + Transient
transfection luciferase assay, 3

Direct gel shift + Supershift + CAT assay, 1

Direct gel shift + Gel shift competition + CAT
assay, 7

Direct gel shift + Transient transfection luciferase
assay + RT-PCR + Sequencing, 1

Direct gel shift + Sequencing, 2

Supershift + Gel shift competition + Transient
transfection luciferase assay + Sequencing, 1
Direct gel shift + Supershift + Transient
transfection luciferase assay, 4

Direct gel shift + Supershift, 1

Gel shift competition + Transient transfection
luciferase assay + RT-PCR, 1
Gel shift competition + Transient transfection
luciferase assay, 3

Direct gel shift + Supershift + Transient
transfection luciferase assay + DNaseI
footprinting assay, 1

Direct gel shift + ASTQ, 1

Direct gel shift + Supershift + Gel shift
competition + Transient transfection luciferase
assay + SSCP, 2

Direct gel shift + Gel shift competition + DNaseI
footprinting assay, 1
Direct gel shift + Gel shift competition + Transient
transfection luciferase assay + DNaseI
footprinting assay, 1

CAT assay, 2

Direct gel shift, 2

Gel shift competition + CAT assay, 1
Direct gel shift + CAT assay, 2

Transient transfection luciferase assay +
Sequencing, 1

Supershift + Gel shift competition + Transient
transfection luciferase assay, 1
Direct gel shift + Transient transfection luciferase
assay + Sequencing, 1

Gel shift competition + Transient transfection
luciferase assay + Sequencing, 1
Supershift + Transient transfection luciferase
assay + SSCP + CAT assay + Methylation
interference assay, 1

Direct gel shift + Supershift + Gel shift
competition + Transient transfection luciferase
assay + DNaseI footprinting assay, 1

Direct gel shift + Supershift + Transient
transfection luciferase assay + SSCP , 1

CAT assay + Transient transfection luciferase
assay, 1

Direct gel shift + Gel shift competition, 1

Direct gel shift + Supershift + Gel shift
competition + Transient transfection luciferase
assay, 5

Transient transfection luciferase assay + SSCP, 2

Direct gel shift + Transient transfection luciferase
assay, 11

5.2.2 Investigated Properties
Twenty-three different properties were assessed for each SNP in both the 109rSNP and ufSNP sets. Each is discussed here.

TRANSFAC ANALYSIS (Property 1)

A differential Transfac analysis (1) is performed by substituting the canonical
nucleotide with its associated variant allele and measuring the difference in predicted
binding site scores for the cumulative set of predicted factors.
Δs =

i+ j

∑ (score

(canonical)factor

− score(var iant ) factor )

factor =i , j

Here, Δs is the cumulative difference in the predicted binding site scores between the set
of predicted factors, i, from the reference sequence and the set of predicted factors from
the variant sequence, j.

MOTIF DISCOVERY ANALYSIS (Properties 2, 3, 4 and 5)

For each selected SNP, a 1kb nucleic acid sequence was retrieved from
EnsEMBL (NCBI35). The EnsEMBL compara database was subsequently utilized to
retrieve pre-calculated orthologous sequences from completed genomes; specifically,
sequences from chimpanzee, rhesus macaque, mouse, dog, rat and chicken were used. A
differential Weeder [101] and MotifSampler [104] analysis was performed by separately
inputting canonical and variant human sequences with the set of associated orthologues
and recording both the predicted score and the magnitude of difference between scores
predicted for motifs overlapping the tested polymorphism (this is used to measure both
how a allele-specific change effects scoring and the strength of the motif predictions). To
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improve the probability of detecting the desired motif, Weeder was set to detect 500
motifs and MotifSampler was seeded with 25bp around the polymorphism. These tools
were selected both because of their different approaches to motif discovery (Weeder is
enumerative and MotifSampler is based on optimizing an objective function) and because
they have

been previously demonstrated to have moderately complementary

performance characteristics [97]. A 1kb region was selected to allow duplicated motifs to
contribute to the scoring function and to permit relax positional constraint on contributing
motif position.

DNA CURVATURE (Properties 6 and 7)

A differential DNA bendability (4) and curvature (5) analysis is performed on
canonical and variant sequences using an implementation of the BEND algorithm called
“banana” and packaged in the EMBOSS toolkit [433,510]. The effects of DNA structure
in mammalian systems remains largely unascertained, previous characterization in
bacterial systems has demonstrated its role in creating conditions suitable for
transcription factor binding [240,241].

LOCAL GC CONTENT AND DNA THERMODYNAMICS (Properties 8 and 9)

The differential effects on local GC content (6) and thermodynamic stability of
the DNA sequence (7) are assessed using the “dan” application packaged in the
EMBOSS analysis package [433]. The presence of functional transcription factor
binding sites in GC-rich sequences has been previously studied [82,90].
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DISTANCE TO TRANSCRIPTION START SITE (Properties 10 and 11)

The distance to the transcription start site (TSS), as annotated by EnsEMBL, was
recorded. Distance to TSS has been previously identified as a significant discriminant of
regulatory polymorphisms; a study of 674 haplotypes in 247 gene promoters identified
that sequence variants altering expression by 1.5-fold or more are preferentially located
within the first 100-base pairs [509]. Both the raw distance and the logarithm of the
distance were used.

LOCAL REPETITIVE CONTENT (Properties 12, 13, 14 and 15)

Local repetitive content of a 200-bp DNA segment centred on the assayed
polymorphism was calculated using repetitive annotation curated in EnsEMBL. Four
different metrics were assessed in this region: 1) the percentage of repetitive bases; 2)
whether the polymorphism was in a repeat or not; 3) the number of repeats of length
greater than 1kb; and 4) length less than 1kb that overlap this region. Each value was
normalized to its expectancy at the calculated distance from the transcription start site in
the associated chromosome (see 5.2.6).

MINOR AND DERIVED ALLELE FREQUENCIES (Properties 16 and 17)

Minor allele frequencies were obtained from dbSNP (version 125) directly using
the “eutils” service. Each allele frequency was calculated from combining frequencies in
all assayed populations. Derived allele frequencies were calculated by aligning a 1-kb
human region centred on the polymorphism with orthologous chimpanzee sequence using
ClustalW to obtain the derived allele and matching this allele with previously calculated
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allele frequencies. Of the 109-rSNP and ufSNP sets 82 and 1178 had genotype data,
respectively.

OPOSSUM/JASPAR COEXPESSION ANALYSIS (Property 18)

oPOSSUM was run to short-list a set of transcription factor binding matrices for
differential analysis (as in the TRANSFAC test) [197]. Coexpression data was extracted
from the TMM coexpression set published by Pavlidis et al. [511]. Coexpressed genes
were broadly-selected based on at least one study reporting coexpression.

CPG ISLAND (Property 19)

CpG islands were obtained from annotation in the UCSC genome browser [20].
Whether or not a polymorphism was in a CpG island was recorded.

This value was

normalized to its expectancy at the calculated distance from the transcription start site in
the associated chromosome (see 5.2.6).

DNASEI HYPERSENSITIVE SITES (Properties 20)

DNaseI hypersensitive sites were obtained from predictions as per Noble et al
[512]. The latter set was mapped from hg15 to hg17 coordinates. Whether or not a
polymorphism was in a DNaseI hypersensitive site was recorded.

These values were

normalized to its expectancy at the calculated distance from the transcription start site in
the associated chromosome (see 5.2.6).
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CONSERVATION USING PHASTCONS AND REGULATORY POTENTIAL (Property 21 and 22)

Conservation scores from both the PhastCons [162] and Regulatory Potential
[163] methods were obtained from the UCSC genome browser. The local conservation
of the polymorphism, as calculated by these scores, was recorded. These values were
normalized to their expectancy at the calculated distance from the transcription start site
in the associated chromosome (see 5.2.6)

CLUSTALW ALIGNMENT DEPTH (Property 23)

Each orthologous sequence set for an individual polymorphism was aligned using
ClustalW [513] and the total evolutionary distance was calculated from the generated
phylogenetic tree.

This value measures the level of conservation and sequence

divergence around each polymorphism.

5.2.3 Test design (ALL and GROUP)
Two types of data sets were assembled using the 23 properties ascertained for
each SNP. One, an all-vs-all dataset, where the values of the 109-rSNP and ufSNP set
are compared en masse. The other, a group analysis, where the average value of each
property within an upstream region was calculated and individual SNP properties were
recalculated from their divergence from this average. The ALL test is designed to
identify global characteristics of rSNPs while the GROUP test is designed to look for
directional trends within transcripts which might be indicative of a difference in function.
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5.2.4 Support Vector Machine
Calculated data was input to the Gist SVM implementation [514]. Gist was run
using the default parameters. This approach has been previously described in detail
elsewhere [512].

Of note, the Gist SVM requires that every value in the test and

training parameter space is not empty. To address this, where appropriate, properties are
calculated as an allele-specific difference and the null hypothesis dictates that this
difference should be as close to zero as possible. The ALL SVM was filled with gene
specific average values wherever data could not be calculated. The GROUP SVM was
filled with zero-values wherever data could not be calculated, indicating no divergence
from average within the GROUP test set.

5.2.5 Performance Measurement
The individual importance of each property in discriminating regulatory
polymorphisms was assessed in the ALL and GROUP test sets using a two-sampled ttest.
The performance of the Gist SVM classifier is measured using a receiver
operating characteristic (ROC) curve. ROC scores of 1 indicated perfect discrimination,
while those nearer to 0.5 indicate random classification of the input SNPs.

ROC

performance measurements have been previously described in detail elsewhere [512].
A ten-fold cross validation was performed to assess the overall performance of the
SVM. 10% of the transcripts (and their associated SNPs) were randomly excluded and
the remaining 90% was trained on. This analysis was performed ten times to calculate an
average ROC value for the SVM.

129

SNPs in the promoters of several cancer genes were assessed using the GROUP
SVM with and without distance to TSS properties included. A high-ranking list of SNPs
from both these SVM classifications was manually-selected by identifying SNPs that
scored highly in both classifications.

5.2.6 Distance normalization
We were concerned that several properties may be indirect measurements of
distance from the TSS and that any discrimination strategy would be limited to
characterizing this property alone. This concern is a particular challenge since distance
ascertainment bias exists; most SNPs surveyed were within a few hundred basepairs of
the TSS which is much smaller when compared to our sampling distance of 6kb.
Furthermore, it has been well-established in a previous study that distance to TSS is
correlated to detection of regulatory polymorphisms (it is unknown if this is because they
are more likely to effect essential transcription factor binding sites or because there are a
higher density of TFBS in these regions) [509]. For this reason, the discrimination
potential of distance to TSS could not be ignored. To adjust for bias, however, we
calculated the expectancy of observing a feature at a particular distance from the TSS for
each individual chromosome (Figure 11). This expectancy value was used to normalize
the observation values for several of the properties in this study.

The impact of this

normalization can be seen when comparing normalized GROUP ROC values against
unnormalized GROUP ROC values; using a ten-fold cross validation, the unnormalized
ROC values are 0.79 +/- 0.05.
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Figure 11: CpG island positional bias.
Cpg island expectancy is plotted for each chromosome as a function of distance from the
transcription start site. This type of data was used to normalize many of the features in this study for
distance from TSS. In this figure, the expectancy of being in a CpG island at position -1 for any
promoter region is ~0.5. This suggests a mixture of promoter types which could drive the CpG island
results lower through normalization in this study. It has been shown that without this normalization,
higher CpG island values are a significant discriminator (data not shown).

5.3 Results
5.3.1 Discriminant classification
109 regulatory SNPs (109-rSNPs) and 2690 SNPs of unknown function (ufSNPs)
in the promoter regions of 88 different genes were compiled to test properties that may
discriminate polymorphisms with effects on gene expression.

A two-sampled t-test

comparing the ALL test set identified several properties of significance in discriminating
these two populations (Figure 12). The properties which exceeded the 95% CI are:
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MotifSampler difference score (property 4), distance to TSS (properties 10 and 11),
repetitive element content (properties 12-15), minor and derived allele frequencies
(properties 16 and 17), CpG content (property 19), DNaseI hypersensitive site content
(property 20), PhastCons score (property 21) and phylogenetic tree distance (property
23). A concern with this analysis was that the background levels of properties assayed in
individual promoter regions would not be comparable across promoters. To address this,
a two-sampled t-test comparing the GROUP set was designed to identify discriminating
properties within a gene (Figure 13). A complementary list of discriminating properties
was identified which exceed the 95% CI.

These properties were: MotifSampler

difference scores (property 4), distance to TSS (properties 10 and 11), repetitive element
content (properties 12-14), minor and derived allele frequency (properties 16 and 17),
CpG element content (property 19), DNaseI hypersensitive site content (property 20),
PhastCons conservation score (property 21), and phylogenetic tree distance (property 23).
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95% CI

Phylogenetic tree distance (23)
Regulatory potential score (22)
PhastCons score (21)
In Noble DNaseI element (20)
In CpG element (19)
oPOSSUM/Jasper score (18)
Derived allele frequency (17)
Minor allele frequency (16)
Properties (n)

Repetitive elements (>= 1kb) (15)
Repetitive elements (< 1kb) (14)
In repetitive element (13)

t-Values

Repetitive element density (12)
Log(Distance to TSS) (11)
Distance to TSS (10)
Temperature (Stability) (9)
GC content (8)
DNA curvature (7)
DNA bending (6)
MotifSampler maximum score (5)
MotifSampler score (4)
Weeder maximum score (3)
Weeder score (2)
95% CI

TRANSFAC score (1)
-30

-25

-20

-15

-10

-5

0

5

10
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t-Distribution critical values

Figure 12: ALL analysis of 109-rSNPs against ufSNPs.
Individual results of each SNP from the 109-rSNP and ufSNP sets were analyzed using a two-sample
t-test. A 95% CI was plotted for the minimum degrees of freedom from the properties (derived allele
frequency; df=1227). All values extending beyond this threshold (to the left or right) have been
identified as significant discriminants in this study. Properties that have negative t-distribution
critical values indicate that 109-rSNP set has lower values than the ufSNP set (i.e. in property 10,
distance to TSS, the negative value indicates lower distance values for the 109-rSNP set compared to
the ufSNP set).
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95% CI

Phylogenetic tree distance (23)
Regulatory potential score (22)
PhastCons score (21)
In Noble DNaseI element (20)
In CpG element (19)
oPOSSUM/Jasper score (18)
Derived allele frequency (17)
Minor allele frequency (16)

Properties (n)

Repetitive elements (>= 1kb) (15)
Repetitive elements (< 1kb) (14)
In repetitive element (13)
t-Values

Repetitive element density (12)
Log(Distance to TSS) (11)
Distance to TSS (10)
Temperature (Stability) (9)
GC content (8)
DNA curvature (7)
DNA bending (6)
MotifSampler maximum score (5)
MotifSampler score (4)
Weeder maximum score (3)
Weeder score (2)
95% CI
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Figure 13: GROUP analysis of 109-rSNPs against ufSNPs.
Individual results of each SNP from the 109-rSNP and ufSNP sets were analyzed using a two-sample
t-test. A 95% CI was plotted for the minimum degrees of freedom from the properties (derived allele
frequency; df=1227). All values extending beyond this threshold (to the left or right) have been
identified as significant discriminants in this study. Properties that have negative t-distribution
critical values indicate that 109-rSNP set has negative deviation from average value for respective
genes compared to the ufSNP set. (i.e. in property 10, distance to TSS, the negative value indicates
lower distance values for the 109-rSNP set compared to the ufSNP set).

5.3.2 SVM cross-validation
We tested the classification performance of SVMs trained with the ALL and
GROUP datasets via 10-fold cross-validation. For each SVM, the mean area under the
ROC curve was 0.89 +/- 0.06 and 0.78 +/- 0.07, respectively.
performance (Figure 14).

Both suggest good

It is notable that when removing distance from the

classification the performance drops by only 5%.
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Figure 14: Receiver operating characteristic (ROC) curve for discriminating known regulatory SNPs
from polymorphisms of unknown function.
This ROC curve was calculated by training an SVM on a randomly selected 90% subset of the 109rSNP and ufSNP datasets. Here, 98 rSNPs and 2494 ufSNPs were utilized for training, followed by
testing on the held-out 10%. The GROUP SVM approach was used for training. The area under
this curve is 0.8196 which indicates very good performance. The dot marks the location of the
decision boundary selected by the SVM. At this boundary, the SVM identifies 9 of 11 true positives
and 146 of 195 true negatives.

5.3.3 Distance analysis
We investigate the effects of choosing a 6kb window in this study by identifying a
window size that had equivalent average distances to TSS between the rSNP and ufSNP
populations. A window size of 152bp satisfied this condition. At this window size only
16 rSNPs and 21 ufSNPs were available for analysis. When compared using the GROUP
analysis t-test, only three properties were above the 95%CI: repetitive element density
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(property 12), repeat content less than 1kb (property 14) and phylogenetic tree distance
(property 23) (Figure 15).

95% CI

Phylogenetic tree distance (23)
Regulatory potential score (22)
PhastCons score (21)
In Noble DNaseI element (20)
In NHGRI DNaseI element (20)
In CpG element (19)
oPOSSUM/Jasper score (18)
Derived allele frequency (17)
Minor allele frequency (16)
Properties (n)

Repetitive elements (>= 1kb) (15)
t-Value

Repetitive elements (< 1kb) (14)
In repetitive element (13)
Repetitive element density (12)
Log(Distance to TSS) (11)
Distance to TSS (10)
Temperature (Stability) (9)
GC content (8)
DNA curvature (7)
DNA bending (6)
MotifSampler maximum score (5)
MotifSampler score (4)
Weeder maximum score (3)
Weeder score (2)
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Figure 15: Equivalent distance distribution GROUP analysis of 16 rSNPs against 21 ufSNPs.
Individual results of each SNP from 16 rSNPs and 21 ufSNP sets were analyzed using a two-sample ttest. A 95% CI was plotted for the minimum degrees of freedom from the properties (minor allele
frequency; df=26). All values extending beyond this threshold (to the left or right) have been
identified as significant discriminants in this study. Properties that have negative t-distribution
critical values indicate that rSNP set has negative deviation from average value for respective genes
compared to the ufSNP set. (i.e. in property 10, distance to TSS, the negative value indicates lower
distance values for the 109-rSNP set compared to the ufSNP set). SNPs were selected here from a
reduced window size of 152bp. At this window size the average distance to TSS for the 16 rSNPs is
equivalent to that of the 21 ufSNPs.

We also investigate what sorts of bias exists in the position of identified rSNPs.
Our expectation was that well-established transcription factor binding sites such as the
TATA- and CCAAT-boxes may be overrepresented and contribute to lower distance
values. A histogram of rSNPs for the first 300bp of sequence from the TSS shows an
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expected blip around the 21-31 position where 7 rSNPs are located, twice as many as
average.

However, it is apparent that these types of binding sites are only

overrepresented slightly when compared to the distribution of rSNPs at other positions
(Figure 16).
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Figure 16: Histogram of positional bias of rSNPs for the first 300bp of sequence
The positions of rSNPs are plotted in a histogram for bin sizes of 10bp for the first 300bp of sequence
from the transcription start site. A blip is seen at position 21-31 where it is likely that TATA and
CCAAT-box binding sites are located. These types of rSNPs, however, are only slightly
overrepresented in this study and from this graph it would not be expected to significantly bias the
outcome.

5.3.4 Surveying new polymorphisms
We used this approach to prioritize SNPs in the proximal promoters of six
different cancer-related genes. Two SVMs were constructed: the GROUP SVM and the
GROUP SVM without the distance properties (properties 10 and 11). The latter was
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constructed to mitigate the influence of distance to TSS on the classification. SNPs were
manually identified that were high scoring using both SVMs. Of an additional 146 SNPs
tested in 7 genes of importance to cancer and Huntington’s disease, several features were
observed: most predictions were proximal to the TSS but not in a ranked order as
distance increases; some genes possessed very few positives while others were enriched
with hits; and, most significantly, among the 146 SNPs tested, the 4th highest-scoring
SNP has been recently shown at our institute to be in significant association with
lymphoma (Brooks-Wilson, personal communication). This suggests that this method
will be of great practical utility to prioritizing regulatory polymorphisms to assay for
involvement in disease.

5.3.5 Availability
All pipeline software has been programmed in Perl and is available under the
LGPL at http://www.bcgsc.ca under the name CHuM (Cis-acting Human mutation
modules). All data is available from this site.

5.4 Discussion
Understanding the effects of sequence variation on gene expression remains a
major challenge of modern genetics. The increasing practicality of genome-wide linkage
and association studies coupled with new resources, such as the HapMap [295], offers
significant potential to identify the allelic spectrum of common diseases. Furthermore,
high-throughput categorization of allelic-specific expression differences through
heterozygotes has suggested that somewhere between 25-50% of all human genes have
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differential expression [369]. Once a regulatory haplotype is known, however, it is
challenging to dissect the individual contributions of variants.

To address this, as

mentioned in the introduction to this chapter, computational analyses of non-coding
variants have investigated distance to transcription start site, weight matrices and
conservation-based approaches to prioritizing SNPs of unknown function. Recently, a
study has investigated sequence composition around functional and non-functional SNPs
for compositional differences indicative of their selective roles in transcription factor
binding [390]. These authors reported 70% specificity and 20% sensitivity for 44 known
regulatory polymorphisms when compared to non-functional polymorphisms. They note
that using a broader range of properties, including distance to transcription start site and
allele frequencies, may improve this performance.
This study introduces the largest publicly-available collection of regulatory
polymorphisms--171 known regulatory polymorphisms from literature. Furthermore, this
study investigates 109 regulatory polymorphisms (109-rSNP) and 2690 SNPs of
unknown function (ufSNPs) in human core-promoter regions to identify properties that
discriminate functional from non-functional polymorphisms.
Several properties were found which were above a 95% CI for discriminative
potential.

Conservation-based metrics (Property 4, 21, 22 and 23)
Three different properties related to sequence conservation were identified as
being significantly discriminatory in this study: MotifSampler difference score,
PhastCons score and phylogenetic tree distance score. This result is not unexpected as
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conservation is regarded as suggesting functional constraint. The latter two properties are
not calculated in an allele-specific manner suggesting that regulatory polymorphisms are
in intrinsically conserved regions. The MotifSampler and Weeder-based scores were
calculated individually for each allele, to assess how changes in the patterns might affect
their scoring.

It is of note that Weeder, an enumerative approach, does not have

significant allele-specific change in its scoring function while MotifSampler, an objective
function algorithm, does; this result suggests that MotifSampler’s optimization function
is more sensitive to variance in motif composition. It is of further note that in the ALL
analysis, the regulatory potential score has significance, yet in the the GROUP analysis, it
does not. This suggests that there is less variance across the core-promoter for these
types of scores. In total, these results underscore conservation as a useful discriminant of
regulatory polymorphisms.

However, it has previously been demonstrated that this

conservation will not be sufficient to this purpose alone [136]--it is unlikely a regulatory
region can be so conserved as to disallow polymorphism or so non-conserved as to have
no functional constraint.
As an aside, the limits of conservation-based approaches were also illustrated by a
supplementary activity of this thesis which was to investigate the evolution of the 109rSNPs across several mammalian species. From this analysis we observed a rSNP in the
gamma-globin gene which was in a primate-specific duplicated region; it is apparent that
conservation scores based on alignments would not be able to detect conservation in this
region while possibly some types of motif discovery algorithms should be able to identify
the underlying motif (Figure 17).

While only speculative at this point, one can
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hypothesize that this duplication allowed relaxed selection on what appears to be a highly
conserved motif.

Figure 17: Mammalian alignment of OREG0000405
A ClustalW alignment of sequences around the OREG0000405 C/T human regulatory polymorphism
in the HBG2 gene shows a primate specific duplication of a known CP1 transcription factor binding
site. The duplicated motif is boxed and the regulatory polymorphism is in the sub-box. An
alignment-based score around such a site would show little conservation whereas a motif discovery
tool might pick up the essential CCAAT motif.

Distance to TSS (Property 10 and 11)
Distance to transcription start site has been identified as a successful discriminant
in a previous study, where in 500bp assayed regions, 50% of the detected rSNPs were
within 100bp of the TSS [509]. In this study, it is likely that ascertainment bias in the
109-rSNP set likely also contributes to the strength of this discriminant in this study.

Repetitive element content (Properties 12-15)
Repetitive content was investigated in this study because of its role in altering
gene regulation and mirroring selective constraint in non-coding regions [255-258]. We
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identified that regulatory SNPs were less likely to be in or around repetitive elements; not
only was there less repetitive base content, but the number of distinct repetitive elements
was also low. This suggests that regions that are under higher functional constraint are
less likely to accrue repetitive elements and be subject to dysregulation. We also note
that ascertainment bias by which 109-rSNPs were surveyed in terms of repetitive
elements is not known.

Of note, between the ALL and the GROUP analysis, the

significance of the number of long repetitive elements collocated with a SNP is reduced.
It is likely that these repeats extend over many of the SNPs in a group and, therefore, are
averaged towards the null hypothesis.

Minor and derived allele frequency (Properties 16 and 17)
In this study, both minor and derived allele frequency were identified as
significant discriminants. An interesting result though was that for genotyped SNPs, the
minor allele frequency was higher in the 109-rSNP set than in the ufSNP set. Previous
analyses of minor allele frequency have suggested that most functional SNPs are
positioned around 6% [391] or possess no allele frequency bias [509]. In this study, the
average minor allele frequency was approximately 22%. Since a subset of the 109-rSNP
set has been derived from association studies, it is possible that ascertainment bias may
explain part of this result as researchers may preferentially be choosing higher MAF
SNPs because of their greater statistical power. Of interest, however, the derived allele
frequency was lower in the 109-rSNP set than in the ufSNP set. This could suggest that
many of the chimpanzee alleles have been driven to lower frequencies due to new
variants increasing in frequency in our population either through population bottlenecks
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or positive selection. The latter being a model of evolution of genetic susceptibility to
common diseases explained by ancient alleles recently becoming disease predisposing
due to changes in human lifestyle and life expectancy [515].

CpG elements (Properties 19)
Another interesting result was that SNPs in the 109-rSNP set were less likely to
be in CpG islands than ufSNPs. It is likely that an admixture of CpG islands and CpGless, TATA promoters caused this result; both types of promoter are known to be
prevalent in the genome [40,43]. Since, CpG expectancy was normalized from average
values at specific distances from the TSS of associated genes across individual
chromosomes, an admixture of a CpG and CpG-less promoters would drive the 109-rSNP
values lower than the ufSNP values (Figure 12).

DNaseI hypersensitive sites (Properties 20)
In this study, the 109-rSNPs were more likely to be in predicted hypersensitive
sites than the ufSNPs. This result was expected since DNaseI hypersensitivity is wellestablished as being associated with DNA-protein binding.

Several properties were not above our significance threshold in this study. Of
interest, both weight matrix-based approaches did not discriminate well. Additionally,
our definition of coexpression was significantly broad as to allow multiple coexpressed
partners for any given gene; this may have reduced the overall effectiveness of reducing
transcription factor binding profiles using this information. However, the performance of
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the coexpression filtered approach using oPOSSUM was moderately better than the
TRANSFAC approach alone.

This suggests that targetted analysis of specific,

biologically-relevant transcription factors may further increase the discriminating ability
of this approach. This should also act as a warning to those that have in the past applied
the TRANSFAC approach to this problem indiscriminately. Furthermore, none of the
DNA structural or stability analyses were successfully discriminatory. This analysis can
be interpreted as, not only do these features have non-generalizable allele-specific effects
using the datasets in this study, but since these analyses measure local sequence
composition, nothing is particularly important in terms of specific base changes.
A principal goal of this study was to be able to use the 109-rSNP and ufSNP set to
train two SVMS to discriminate polymorphisms in novel genes. It is of note, despite
certain ascertainment biases, that our sensitivity and specificity for the ALL test is 0.85
+/- 0.12 and 0.80 +/- 0.06, respectively, and for GROUP test is 0.74 +/- 0.19 and 0.65 +/0.14, respectively. This performance only drops by 5% when distance to TSS is removed
from the analysis. While steps were taking to explicity control for distance bias, some
properties may be indirectly correlated and future analyses with enriched datasets of
regulatory polymorphisms may be able to dissect these interactions. Of fundamental
necessity to these future analyses is a dataset of core-promoter polymorphisms that are
non-functional across a broad range of cell types; since our negative control set was a
neutral set, it is assured that more accurate performance metrics can come from addition
of a reliable negative control set. Despite this fact, using a neutral set, we can suggest
that to achieve perfect performance approximately 1/5 of the ufSNPs in core promoter
regions across the genome must be regulatory polymorphisms (that is, if at the SVMs
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decision plane, all the false positives are actually true positives).

While certainly

speculative, this seems not unreasonable as recent dissection of a complex haplotype has
demonstrated that some traits are the product of the effects of several regulatory SNPs
(the authors reported that 5 of 29 SNPs tested contributed to the variation in expression)
[396].
In summary, this study introduces a new dataset of for the investigation of
regulatory polymorphisms. These results describe the utility of different gene regulation
and population genetics properties in classifying regulatory polymorphisms. Finally, we
have also introduced the first gene regulation and population genetics-based approach to
classifying these polymorphisms in the core promoters of human genes.

5.5 Conclusions
This work introduces a novel dataset and approach for categorizing regulatory
polymorphisms using the ORegAnno technology developed in Chapter 4. Several future
directions are likely to be investigated as part of this work. Specifically, several SNPs of
disease relevance are being experimentally tested for function to independently validate
this approach. Additionally, a logical extension of this work is to begin to categorize
regulatory polymorphisms outside of the core promoter or within haplotypes. Our ability
to do this, however, is challenged by the lack of SNPs characterizing regulatory elements
outside of these regions and the length of linkage disequilibrium in some regions. The
development of the ORegAnno resources will have future significance in assembling
these datasets and will further allow direct investigation of polymorphisms in known
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regulatory elements. The next and final chapter summarizes the major conclusions of this
thesis.
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Chapter 6: Summary and Conclusions
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6.1 Summary
Identification of the mechanisms by which genes are regulated in eukaryotes is
one of the principal challenges of modern biology. New insight into these mechanisms
and their locations of action will enable researchers to answer fundamental questions
related to evolution and development. Understanding the role that heritable mutation
plays on the mechanisms of gene regulation will further enable future clinicians to
identify and potentially treat various human diseases and improve patient quality of life
as such mutations have been identified in the etiology of diseases like cancer [397,398],
depression [399], systematic lupus erythematosus [400], perinatal HIV-1 transmission
[401], and response to type 1 interferons [402].
This thesis describes novel strategies for computational analysis of regulatory
elements and regulatory polymorphisms.

Additionally, this work generates novel

hypotheses regarding the use and assessment of bioinformatics data and tools. A major
biological hypothesis of this work was that regulatory polymorphisms could be predicted
computationally using diverse genome annotation, in silico gene regulatory analyses and
population genetics parameters. The aim of this work was to develop an approach which
allowed investigation of this hypothesis and was amenable to making novel predictions of
new regulatory polymorphisms. A major challenge in achieving this aim has been the
lack of known transcription factor binding sites and regulatory polymorphisms.
Furthermore, at the onset of this thesis, very little was known in literature about the
relative merits of particular regulatory element tools, despite a burgeoning population of
such tools. Both difficulties were addressed in my studies. A major biological result of
this work has been a characterization of discriminating properties in a novel dataset of
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regulatory polymorphisms hand-curated from literature. Additionally, throughout this
thesis, this work has had a specific focus on addressing biological challenges by using
new technology that may have a lasting significance on the wider research community.
The results of this focus have been novel research into the application of 3D technology
to genome visualization, peer-to-peer technology for resource discovery and comparison,
and a novel community-based system for regulatory element annotation.

6.2 Predicting regulatory elements
For accurate prediction of regulatory elements, new strategies are required that
integrate diverse sources of annotation and make use of enriched biological information,
such as coexpression and genome conservation data. Also new approaches are required
for measuring the performance of these strategies. These principles are well-established
in modern genomics as major international collaboration under the ENCODE project is
dedicated to developing these strategies. In this thesis, I have addressed some of the
major challenges with modern regulatory element prediction with the development of
novel resources.
The Sockeye tool (Chapter 2) was developed with a principal aim of being able to
compare sequence and annotation across orthologous gene sets (and then coexpressed
gene sets). This tool was integrated with the ability to perform regulatory element
analyses using weight matrix-based and de novo motif discovery approaches on demand.
These features made it the first tool to provide on demand regulatory element analyses in
the context of rich genome annotation.

As part of this visualization, we used 3D

technology to exploit the extra dimension’s ability to compact information and represent
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scores as height; the height dimension allowed for score-based identification of
CACNL1AS/Cacna1s muscle and liver-specific regulatory modules in the context of their
known gene annotation. The parallel visualization of multiple genomes in 3D had the
further benefit of allowing the comparative visualization of coronavirus genomes from
which a qualitative assessment of the evolutionary history of the SARs coronavirus could
be made. While 3D usage was a serious design decision with practical advantage in
performing comparative analyses, it was a major paradigm shift at the time as most data
was (and remains) solely displayed in static web-pages.

Since this research was

conducted, adoption of this technology for comparative genomics has not been
widespread; it is likely that ease of data access (as Sockeye is a standalone application)
and human factors associated with adapting to a 3D environment impede its adoption.
During the development of Sockeye, I became concerned with existing strategies
for integrating bioinformatics resources and the practical assessment of a wide-range of
bioinformatics methodology.

The Chinook tool (Chapter 3) was developed using

decentralized peer-to-peer technology to address several general challenges that exist in
bioinformatics, namely the disunified distribution and usage of bioinformatics resources,
and, specifically, to create a benchmark by which diverse bioinformatics utilities could be
evaluated. Chinook presented a novel strategy for bioinformatics research--decentralized
peer-to-peer technology could freely propagate the existence of and facilitate the usage
and comparison of new and well-known bioinformatics resources to a broad spectrum of
researchers without requiring centralized authority or resources. This need has been
reiterated in various forms in high-profile commentaries [494,516]. Despite the potential
of this technology and that of complementary integrative methodologies like BioMOBY
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[517], there is no major impetus to achieve a higher-level of resource interoperability at
this time making such resources of utility to interested bioinformatics sub-communities
only. For this thesis, however, using Chinook, I was further able to integrate a dozen
different regulatory analysis tools and create a benchmark web application for analyzing
their performance called the Open Regulatory Competition (ORC). ORC was designed
to provide statistics of comparison (sensitivity, specificity, positive predictive value and
correlation coefficients) found in a recently published study by Tompa et al [97]. ORC is
currently limited as it only allows individual genomic regions to be utilized as positive
controls. Its development was primarily a proof of principle as to how open benchmarks
can be created for sustained analysis of these types of tools. It is planned that future
enhancement of ORC using ORegAnno datasets will act as a catalyst to wider integration
of motif discovery tools and a more recognizable benchmark for assessing their
performance.
Through developing ORC, I became interested in aggregating known regulatory
elements and polymorphisms to, not only assess the performance of motif discovery
tools, but to measure their performance with introduced regulatory polymorphisms.
However, the availability of curated regulatory elements and regulatory polymorphisms
at the time was markedly poor. To address this, I designed a unique resource for
community annotation called ORegAnno (Chapter 4) which would serve several
purposes. First, it would allow researchers to deposit their collections of regulatory
elements. Second, it would introduce new mechanisms for maintaining the validity of
such annotations. Third, the data could be extracted in a computer amenable format.
This project has addressed a long-desired need in the genomics community and since its
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development it has achieve considerable interest and support. At this point in time,
several new datasets are being added to ORegAnno and an international collaboration has
been developed with the specific aim of populating this resource (a jamboree called
RegCreative will be held in the winter of 2006). It is my future plan to be able to use this
to investigate the distribution of regulatory polymorphisms in experimentally-validated
transcription factor binding sites.
A major component of this thesis was introducing new paradigms for usage,
comparison and visualization of gene regulatory data and computional analysis tools.
Modern genetics analysis has an increasing dependence on the efficacy of bioinformatics
approaches.

Recognizing the value of such research will enhance future biological

hypotheses and inferences.

6.3 Prediction regulatory polymorphisms
The principal biological aim throughout the course of this thesis was to
investigate strategies for predicting regulatory polymorphisms. At the onset of this
thesis, there existed no bioinformatics resources or generalized methodology amenable to
this analysis. One of my principle focuses in developing Sockeye (Chapter 1) was to
integrate regulatory prediction techniques with genetic variant information; in this regard,
Sockeye became the first tool that allowed the seamless computional analysis of motifs in
the context of genetic variant information. During the course of this thesis, studies
started to become available introducing collections of regulatory polymorphisms and
investigations of particular features of these SNPs. Of note, were comprehensive surveys
by Rockman and Wray [377], and the characterization of several new rSNPs by Buckland
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et al. [509]. The increasing availability of such annotation made it feasible to consider
designing a computational approach to collating and then analyzing the properties of
these SNPs. This was also further rationale behind the design of ORegAnno (Chapter 4)
as it would allow the computer-amenable curation of rSNPs. To populate the ORegAnno
resource, I conducted an extensive survey of the literature to curate a collection of known
regulatory polymorphisms.

The ORegAnno collection now has 174 regulatory

polymorphisms with known effects on gene expression--the largest openly-access,
computationally-amenable collection to date.

Using the ORegAnno rSNP collection, I

investigated a broad range of properties that may discriminate them from the null
hypothesis in the core promoter of associated human genes (Chapter 5). 109 rSNPs and
2690 SNPs of unknown function were categorized and several properties were found of
significance (above a 95% CI) in discriminating these populations.

Among those

properties were: MotifSampler difference score, distance to transcription start site,
repetitive element content, minor and derived allele frequencies, CpG content, PhastCons
score and phylogenetic tree distance (property 23)—the most novel of which is the
repetitive element content properties, which suggest that regulatory polymorphisms are
less likely to occur in areas where many small repeats have accrued.

Using these

discriminants, I was able to train an SVM to predict with 85% sensitivity and 80%
specificity known regulatory polymorphisms within this set. This approach is the first
multiple-parameter approach to regulatory polymorphism analysis. Furthermore, this
approach has been applied to discovering new functional regulatory polymorphisms in
several cancer genes; an investigation of non-coding SNPs in one such gene has
identified one high-scoring rSNP that has also been recognized as being in association
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with

lymphoma

through

experiments

in

our

lab

(Brooks-Wilson,

personal

communication). Further investigations are being conducted of other high-scoring SNPs.

6.4 Conclusions
Bioinformatics approaches offer the potential to discover regulatory elements and
the effects of genetic variation on them. These analyses unequivocally are more reliable
when performed using well-guided biological inferences. Analyses of computational
tools and data designed for this purpose has identified several weaknesses, namely the
lack of benchmarks for managing an extensive set of available regulatory tools and welldocumented and computationally-amenable gene regulation databases.

Community-

based strategies offer enriched opportunity to guide these types of analyses in the future.
Additionally, the construction of such resources has had practical utility for investigating
the properties of regulatory polymorphisms.

The development of the ORegAnno

resource has facilitated the development of an approach that allows for discrimination of
regulatory polymorphisms in the core promoter region of human genes using regulatory
and population genetic parameters. Computational analysis of regulatory polymorphisms
still remains a relatively unexplored field of inquiry. It is inevitable as modern genetics
moves towards whole-genome association and linkage assays, the enhancement of such
strategies will have fundamental importance to uncovering the etiology of various
determinants of health.
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