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Abstract

The amount of available genomic data, produced by genome sequencing
projects, increases more and more quickly. The vast quantity of available
data must be analyzed in order to extract valuable information about the
genome. The Genomic HyperBrowser is a system which participates in the
analysis of genome information data. It provides many comparative analyses
at the sequence level.

The genomic data that has been collected in the HyperBrowser system
are represented as mathematical objects called genome annotation tracks.
The biological hypotheses of interest are translated into studies of mathe-
matical relations between tracks. So both the biological data and investi-
gations are mathematically represented and executed. As an endeavour to
contribute to the data analyzing process in the HyperBrowserB system, this
master thesis adds a �exible, customizable clustering system, which supports
many di�erent possibilities for clustering of genome annotation tracks. The
clustering tracks could be all of the already available tracks within the Hy-
perBrowser or those tracks obtained by running track annotating tools in
the HyperBrowser system.

Starting with the requirements, the development of the clustering system
was divided into two parts : the theoretical development of the clustering
cases and the implementation of the clustering system that supports these
clusterings.

It was found that there are at least three fundamentally di�erent ways
to cluter a set of tracks, and one way to cluster regions on a single track.
The clustering cases were constructed by �rst examining the possibilities for
clustering a concrete dataset based on di�erent biological investigations the
user might be interested in, then generalizing these possibilities for all the
track-formats available in the HyperBrowser that could be clustered using
this clustering system. The theoretical properties and distinctions between
cases were investigated.

The implementation of the system is further divided into two parts : a
user interface (front-end) and a set of functions that carry out the clustering
(back-end). The front-end is a simple webpage which interactively commu-
nicates with the user. The clustering cases are listed on the webpage, and
the user decides which case should be used. According to the selected case,
di�erent appropriate options which are speci�c for each case, will be subse-
quently displayed. All the information selected by the user are then used as
input data for back-end functions. The front-end webpage was implemented
using Mako template and Html.



The back-end functions carrying out the clustering were implemented in
Python and R. Based on the input data from the front-end, appropriate sta-
tistical functions that are already implemented in the HyperBrowser are used
to construct the data matrix representing the clustering tracks, and cluster-
ing methods in R are used to carry out the clustering. All four clustering
cases were implemented in the system.

The clustering system was then tested by performing clustering of two
separate datasets (virus and genes datasets), using all three clustering cases
for tracks. One of the test-cases has a sample result from an earlier study,
which was used as a reference to check the credibility of the newly imple-
mented tool. The clustering result using this tool indeed matches the sample
result, thereby con�rming the reliability of the tool.
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Chapter 1

Introduction

1.1 Motivation

Genome sequencing projects [2] have produced a large amount of detailed
genome-wide information and there is a great need for analysis capacity for
newly generated information in order to understand more about structures
and functions of genomes. The Genomic HyperBrowser (hereafter abbrevi-
ated as HB) is such an analysis system, providing many comparative analyses
of sequence-level genomic data. The data collecting process for available ge-
nomic information in the HB project is still ongoing, and there will be more
and more genome information available in the HB. This master of science
project is meant to contribute to the analysis process on available data for
the HB. Clustering is an exploratory data analysis method, that groups sim-
ilar data items, in this case genomic data represented as aggregated data
tracks along the genome, into clusters. Performing clustering prior to any
further data analysis could help directing the analysis, and the analysis may
subsequently be carried out on many smaller, but more similar datasets, in-
stead of as a very large and unfocused analysis. So clustering the data is
often a very useful step in analyzing the data. Making the clustering pro-
cess automated could even further enhance the analysis process of the data.
The clustering procedure, such as the clustering of viruses presented in [22],
could be automated inside the HB, as a number of virus integration tracks
are available within the HB, and a comparison with the results presented
there could serve as a control of the procedure to be developed in this thesis.
The motivations for this study are :

� Development of a new tool which contributes in analyzing genomic
information available within HB

� Development of automatic procedures to carry out biological analyses
in a computational way, enabling biologists by use of generic pipelines.
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Figure 1.1: The rapid prototyping model.

1.2 The research problem in this study

The main aim of this thesis is to create a �exible, customizable clustering
system, which works as an additional function to the HB system. The clus-
tering objects of this system will be those genome annotation tracks that are
available in the HB. The implementation of this clustering system makes use
of some relevant analysis functions in the HB, together with other frame-
works used to implement HB such as Python, R, Mako template.

1.3 Methodology

Since the purpose of this study is to develop a software system, one of the
possible ways to approach this system is following those steps described in
the design paradigm, as stated in the �Computing As a Discipline� [28]. This
design paradigm includes the following steps :

� State requirements : determine those features of the system required
by the user, which the implemented system should satisfy.
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� State speci�cations : de�ne the technical details of the system based
on analyzing the requirements.

� Design and implement the system.

� Test the system : evaluate whether the performance and functionality
of the system satis�es the requirements.

There are many di�erent software development models, which could be
used to develop the clustering system, e.g. Waterfall, Build-and-�x, Incre-
mental, Spiral, Rapid prototyping [14]. The Rapid prototyping model, shown
in Figure 1.1, was chosen because of the following reasons : quick implemen-
tation of the �rst prototype, �exibility in updating the speci�cations and
making improvements.

The methodology mentioned above was applied in the development of
this clustering system, as follows :

� Read and understand the statistical functions, the framework, and
those parts from HB to be used.

� Design the front-end web-page and the back-end functions

� Implement the system

� Evaluate the system

1.4 Outline of the thesis

The thesis is structured as follows : Chapter 2 describes the background
knowledges needed to understand this thesis. Then, a concrete example
dataset is thoroughly examined in order to discover relevant clustering pos-
sibilities. This acts as an introduction to the theoretical results described
in Chapter 4. Chapter 5 goes through all the aspects related to the imple-
mentation of the clustering tool. Testing and evaluating the functionality
and performance of the tool is done in Chapter 6. Chapter 7, the last chap-
ter, summarizes the works done in this thesis, makes a self assessment, and
suggests some further improvements.
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Chapter 2

Backgrounds

2.1 Cluster analysis

�Cluster analysis is an important technique in the rapidly growing �elds
known as exploratory data analysis and is being applied in a variety of engi-
neering and scienti�c disciplines such as biology, psychology, medicine, mar-
keting, computer vision and remote sensing� [21]. Cluster analysis concerns
the division of a set of individual data objects into subsets or clusters of
objects with the main aim being that objects in a cluster are as similar
as possible and objects from di�erent clusters are as dissimilar as possible.
Cluster analysis is often called unsupervised data learning because it groups
similar objects into clusters without any prede�ned rules or identi�ers. This
is in contrast to supervised learning, such as discrimination analysis, in which
the groups are known in advance and the aim of the analysis is to create rules
for separating new data objects into one of the known groups. So the objec-
tive of cluster analysis is to �nd a meaningful and valid organization of the
data, not to establish rules for classifying future data into categories.

Although the term �cluster� is very essential in cluster analysis, there
seems to be no ultimate �cluster� de�nition which is suitable for all analyz-
ing situations [25]. According to some authors, the de�nition is good when
it produces clusters that satisfy the purpose of the user. While other authors
attempt to de�ne what a cluster is in terms of internal cohesion and exter-
nal isolation [25]. Accordingly, clusters should be internally cohesive and
externally separated. However, the meaning of cohesion and separation also
varies from situation to situation. No one would argue how many clusters
there are in each sub-�gure in Figure 2.1, but it is clearly observed that the
cohesion and separation is not the same in the three sub-�gures. Clusters
in sub-�gure (a) are cohesive but not very separated, clusters in sub-�gure
(b) are both cohesive and separated, while clusters in sub-�gure (c) are well
separated but not very cohesive.
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(a) Cohesive, not very sepa-
rated

(b) Cohesive and sepa-
rated

(c) not very cohesive, sepa-
rated

Figure 2.1: Clusters with di�erent internal cohesions and external isolations
([25])

The cluster analysis generally involves the following �ve steps [24] :

1. Data representation

2. De�nition of proximity measure

3. Clustering or grouping

4. Data abstraction (if needed), and

5. Assessment of output (if needed).

Among these �ve steps, the �rst three are necessary for every cluster
analysis process, while the last two steps are optional. In the context of this
thesis, the last two steps are not considered to be very relevant. The details
for the �rst three steps will be presented in the next three subsections.

2.1.1 Data representation

Data representation includes two di�erent parts : the description of each
individual object, and the representation of all the involved objects as a whole
by a data matrix or distance matrix, which is appropriate to subsequent use
in a clustering method.

A clustering method divides objects into clusters based on the proximity
measure between each pair of objects. But prior to the measure of proximity,
the clustering objects must be described in a suitable way so that the proxim-
ity between them can be measured. Objects are generally represented either
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by a set of measurements, or by relationships between the object and other
objects [21]. If we arrange the set of measurements or the set of relationships
into a vector, an object is then represented by a vector of measurements or
relationships which are often referred to as a feature vector. The data type
and the scale of each feature could have some impact on the selection of
clustering method or even the result of the clustering. So representing data
in the right data type and scale will facilitate the cluster analysis. There are
many di�erent data types and scales described in [21], such as binary, dis-
crete or continuous data types, and qualitative or quantitative data scales.
In the context of this thesis, only the continuous and quantitative data is of
interest because that the comparative analysis between a pair of tracks in
the HB always returns a �oat number or a vector of �oat numbers.

When each object in a set of n objects is represented by a p-length
feature vector, the whole dataset could then be viewed as a n x p data

matrix. Each row in the data matrix de�nes an object, and each column
refers to a feature. If we imagine p features as a set of orthogonal axes, then
the objects are points embedded in a p dimensional space. The distance
between two objects could then be approximated by the distance between the
two corresponding points in that multi-dimensional space. A cluster could
now be considered as a group of points close to each other or having some
spatial relationship. Although we can not visualize points in a space having
more than three dimensions, the clustering problem should not be thought
of as limited by three dimensions. Actually, the advantage of cluster analysis
is larger when the data to be clustered is in higher dimensional space.

The data matrix could not be used directly in a clustering method since it
does not contain the proximity measure, or alikeness measure between pairs
of objects. The proximity between objects could be computed from the data
matrix or directly from the raw data [21]. Generally, proximity measure
could be either the similarity or dissimilarity between objects. For example,
the Euclidean distance between two objects in the p-dimensional space is a
dissimilarity measure, while the correlation coe�cient between two feature
vectors is a similarity measure. But since the similarity measure could easily
be converted to dissimilarity by some transformations, the term distance is
used here regarding the proximity measure between objects. So a distance

matrix [distance(i,j)] is a square matrix, in which each row or each column
represents an object and the value at row number i and column number j
denotes the distance between object i and object j.

2.1.2 De�nition of proximity measure

Since the main aim of cluster analysis is to form groups of objects that are
similar to one another, a de�nition of proximity measure that de�nes how the
objects are considered similar or dissimilar has to be speci�ed for any single
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clustering method. The clustering method will then classify the objects into
groups based on this proximity measure de�nition. As mentioned in the
previous section, the similarity could be transformed to be the dissimilarity,
so this thesis will only refer to the distance between objects, which is a
measure of dissimilarity. Commonly, the distance between object x and y
is de�ned as a function d(x,y). The larger value of d(x,y) means the more
dissimilar x and y are. In order to be characterized as a metric, which is
quali�ed for using in cluster analysis, the distance function must satisfy some
requirements, as described in [21, 25] :

1. d(x, x) = 0,

2. d(x, y) ≥ 0, non-negativity.

3. d(x, y) = d(y, x), symmetry.

4. d(x, y) ≤ d(x, z) + d(z, y), triable inequality

As mentioned in the previous section, there are many di�erent ways to
compute the distance between objects, either from the data matrix or directly
from the raw data. Suppose that we have a set of objects represented by a
data matrix [xij ], wherein each row denotes an object and each feature is a
quantitative, continuous value. The most common distance measure for such
data representation is the Minkowski distance. The distance between objects
xi and xj denoted by p-dimensional column vectors xi = [xi1, xi2, ..., xip]T

and xj = [xj1, xj2, ..., xjp]T is de�ned as :

d(xi, xj) =
[ k∑

l=1

(xil − xjl)r

]1/r

, r ≥ 1 (2.1)

With di�erent values of r, we have di�erent orders of Minkowski distance.
All the Minkowski distances satisfy the three requirements speci�ed above,
and could be used as dissimilarity measure in cluster analysis. The most
used forms of Minkowski distance are the Euclidean distance (when r = 2),
and the Manhattan distance (when r = 1). The Euclidean distance, and
Manhattan distance are de�ned below, and a demonstration of computing
these distances is shown in Figure 2.2.

Euclidean distance (r = 2) :

d(xi, xj) =

√√√√ p∑
l=1

(xil − xjl)2 (2.2)

Manhattan distance (r = 1) :

d(xi, xj) =
p∑

l=1

(|xil − xjl|) (2.3)
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Figure 2.2: Demonstration for computing Euclidean and Manhattan dis-
tance. ([21])

One thing that should be taken into account when using the Minkowski
distance as a dissimilarity measure in cluster analysis is that one should do
some normalization of data in the data matrix before using it to construct
the distance matrix. The Euclidean distance, for example, implicitly assigns
more weights to those features with large ranges than to those features with
small ranges. If one feature is measured in meters, and a second feature in
centimeters, the second feature will numerically overpower the �rst feature.
There are many ways to normalize the data. The most common normaliza-
tion involves the mean and variance of each feature. Let mj and s

2
j be the

mean and variance of the j-th feature.

mj = (
1
n

)
n∑

i=1

(xij)

and

s2j = (
1
n

)
n∑

i=1

(xij −mj)2

The normalization x∗ij = xij −mj will make the feature value invariant
to rigid displacements of the coordinates because all the features will have
zero mean. Beside the zero mean property, if one wants all features to have
unit variance (variance = 1), the data should then be normalized as follows
:

x∗ij =
xij −mj

sj
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Figure 2.3: A simple taxonomy of clustering algorithms([24])
.

Another indirect way to measure the distance between feature vectors is
done by �rst computing the Pearson's correlation coe�cient between them,
and then transforming this coe�cient to a quantity which could be used
as a metric [25]. The correlation coe�cient between two vectors xi =
[xi1, xi2, ..., xip]T and xj = [xj1, xj2, ..., xjp]T is de�ned as :

ρ(xi, xj) =
∑p

l=1((xil − xi)(xjl − xj))√∑p
l=1(xil − xi)2

∑p
l=1(xjl − xj)2

(2.4)

where xi = 1
p

∑p
l=1(xil), and xj = 1

p

∑p
l=1(xjl).

This correlation coe�cient takes the value from -1 to 1 [9]. The larger
coe�cient value of ρ(xi, xj) means the more similar xi and xj is. So we
can de�ne a function d(xi, xj) = 1 − ρ(xi, xj), which will then work as the
distance measurement between xi and xj . d(xi, xj) now has the value in
the interval [0,2], and larger value of d(xi, xj) means more dissimilar xi, xj

are. When the feature vectors are normalized to unit norm, which means

that
∑p

l=1(xil) =
∑p

l=1(xjl) = 0, and
√∑p

l=1(xil)2 =
√∑p

l=1(xjl)2 = 1, so
there is a close relation between the Euclidean distance and the correlation
coe�cient, as proved in [26, 27] : d(xi, xj) =

√
2(1− ρ(xi, xj)).

2.1.3 Clustering or grouping

There is a large variety of clustering algorithms. A simple taxonomy of
clustering algorithms is shown in Figure 2.3. A clustering algorithm could be
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hard clustering or fuzzy clustering [24]. A hard clustering algorithm arranges
each object to a single cluster, while a fuzzy clustering algorithm assigns
degrees of membership in several clusters to each object. Hard clustering can
be further divided into hierarchical clustering or partitional clustering. While
partitional clustering returns a single partition, the hierarchical clustering
returns a nested sequence of partitions.

There are two main strategies to carry out the hierarchical clustering :
either agglomerative or divisive. Agglomerative strategy concerns starting
the clustering with each of the objects in an individual cluster, and then
merging the two nearest clusters into a new cluster. The merging process
continues until all the objects are collected in a single cluster. The divisive
strategy performs the clustering in the reverse order, namely starting with
all the objects in one single cluster and then gradually dividing the cluster
into smaller clusters, until each object is in its own cluster. Based on the
criterion used to de�ne the distance between clusters, hierarchical algorithms
are again categorized into subcategories such as single-linkage, complete-
linkage, average-linkage and so on. In single-linkage algorithm, the distance
between two clusters is the smallest distance between objects from each of
the clusters. In complete-linkage, the distance between clusters is de�ned as
the largest distance between objects from each of the clusters. In average-
linkage, the distance between two clusters is the average of distances from
each object in one cluster to every object in the other cluster.

The result of a hierarchical clustering is often represented by a dendro-
gram, a tree structure organization of clustering objects, as demonstrated in
Figure 2.4. The dendrogram consists of many levels of nodes, each of which
represents a cluster. The line, which connects two nodes, means that these
two nodes are nested into a bigger cluster. At the bottom level, each object
is in its own cluster, and at the top level, all the involved objects are collected
in one cluster. The height of the line connecting two clusters represents the
distance between these clusters.

To demonstrate the clustering procedure of hierarchical and partitional
algorithms, I choose to describe in details how the single-linkage agglomera-
tive and k-means clustering algorithm works.

Algorithm 1 Agglomerative, single-linkage hierarchical clustering.

Place each object in its own cluster.
repeat
Find the pair of clusters with smallest distance, and merge them into one
cluster. Distance between two clusters is the smallest distance between
an object in one cluster and an object in the other cluster.

until All the objects are in one single cluster.
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Figure 2.4: Result of a hierarchical clustering represented in a dendrogram
.

Algorithm 2 K-means clustering algorithm.

Choose randomly k objects, and use them as centers of k clusters.
repeat
Order each of other objects into the closest cluster.
Recompute the centers of clusters

until A terminating criterion is reached, or no reassignment of objects
into clusters.
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2.2 Biology background

Genome of an organism is the collection of all biological information needed
to conserve the organism. It acts as a recipe for all the genome products
needed to construct each individual part of that organism, and as hereditary
material which passes on to the next generations. The majority of organisms
have their genome encoded in DNA (deoxyribonucleic acid), but there are
also some types of viruses with the genome in the form of RNA (ribonucleic
acid). Both DNA and RNA are very long molecules, consisting of many sub-
units called nucleotides, which are linked together by phosphodiester bonds.
A nucleotide has three components : a sugar unit (pentose), a phosphate
group and a nitrogenous base [20]. Nucleotides are distinguished by the
chemical distinction in the bases. There are four di�erent bases in DNA :
adenine(A), cytosine(C), guanine(G), and thymine(T). In RNA, there are
also four di�erent bases : A, C, G, and uracil(U), which is slightly di�erent
from thymine(T) in DNA. The four types of nucleotides can be linked to-
gether in any order, so we can, for simplicity's sake, imagine that DNA is a
sequence of A, C, G, T nucleotides, while RNA is a sequence of A, C, G and
U nucleotides.

The genome of eukaryotes (organisms with nuclei in their cells) could
be found within and without the nucleus. The nuclear genome is normally
split into many linear DNA molecules, each of them packaged together with
proteins into a chromosome. These chromosomes are also linear. Unlike
eukaryotic genomes, the prokaryotic genomes normally consist of just one
circular DNA molecule, which is packaged into one single circular chromo-
some.

Although genomes are long, only a small part of them contains biological
information. Genes are those DNA segments containing meaningful bio-
logical information, which are used for production of proteins or functional
RNA. The gene density varies from organism to organism but normally it is
higher in prokaryotic genomes than in eukaryotic genomes. A larger part of
genome in eukaryotes is made up by non-coding DNA segments such as re-
peat sequences like LINEs(long interspersed nuclear elements), SINEs(short
interpersed nuclear elements), LTR(long terminal repeat) etc. which are
found at many places in the genome. Although non-coding segments in the
genome do not contain any biological information, they still play an impor-
tant role in regulating the expression of the genome. Genome expression is a
series of events that make the biological information contained in the genome
released and available for the cell in form of genome products. The tran-
scription of DNA into RNA, the processing of RNA to make mRNA, and the
translation RNA into protein are typical examples of the events mentioned
above. The regulation of genome expression can occur at any of those stages.
Histone modi�cation [20, 19] is an example for regulation, which regulates
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the expression of genes at the transcription stage.

Viruses are micro-organisms composed of a protein coat and a genome.
Viral genomes are not always made up of DNA, nor are they double stranded
as is the case with eukaryotic genome. Some viruses have single stranded,
circular RNA genomes. Viruses are not considered to be living organisms
because they are not cells and lack of metabolic mechanism. Viruses can not
reproduce themselves without parasitizing a cellular organism. Although
they also have a genome containing all their biological information, they
must use the host's genetic machinery in order to replicate or express their
genomes. Viruses make use of the host's ribosomes and translation apparatus
for synthesis of the polypeptides that make up their protein coats. Moreover,
their genomes are replicated by binding to the host's genome and then getting
copied together with the host's genome. This fact requires that viral genome
must be compatible with the host's genetic system, and therefore viruses are
speci�c for particular organisms. A certain virus type can not infect a broad
spectrum of species. In the lytic life cycle of virus, when the number of newly
reproduced viruses is large enough, the host's cell is destroyed and viruses are
extruded and begin a new life cycle by attacking other cells. Retroviruses
are in fact RNA viruses. Their RNA genome encodes a small number of
proteins, one of which is the reverse transriptase enzyme. This enzyme
synthesizes DNA from retrovirus RNA. The reverse-transcribed DNA can
then integrate itself to the host's genome and then utilize the replicating
machinery of the host's cell to transcribe its DNA back into RNA, thereby
creating a copy of the virus itself.

Functional genomics [17] is a discipline studying functions of the genome
by surveying the genome globally. In contrast to the conventional way
wherein genes are studied individually, functional genomics considers all the
genes in a genome at the same time by using high-throughput techniques on
the large quantity of available data of that genome. The result could also be
further analyzed by statistical or computational methods. The study of how
histone modi�cation a�ects gene expression, which is described in [23] is an
example for functional genomics. In this investigation, the number of histone
modi�cations counted in the region around transcription start site(TSS) of
every gene in the genome is compared with the expression value of all the
corresponding genes.

2.3 The Genomic HyperBrowser

The Genomic HyperBrowser is a system that provides necessary tools to in-
vestigate genomes on computational ways. The investigating objects of this
system are genomic information on sequence level. These genomic infor-
mation are represented as mathematical objects called genome annotation
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tracks, which contain speci�c genomic features along the genomes. Biological
information of genomes is extracted by carrying out some statistical analysis
on pairs of tracks.

There are some di�erent formats of tracks on HyperBrowser. A track rep-
resenting genes contains the positions of all genes in the genome. A gene's
position is speci�ed by the positions of stating and stopping base-pairs of that
genes. Genes representing tracks contain therefore intervals of positions, and
are categorized into Segments format. A track of TBFS is categorized into
Points format because it comprises the positions of transcription binding
factor start sites, which are single basepairs. In addition to positions, tracks
also contain additional information associated with each position, such as
the expression values of genes or the alleles of a SNP. These additional val-
ues act as marks to the corresponding positions of genes or SNPs. Tracks of
this type are categorized into marked format. A track in Function format
contains values assigning to each of base-pair in the genome, such as the
melting temperature. So there are in total, �ve track-formats : Unmarked

andMarked Points (UP and MP), Unmarked andMarked Segments (US and
MS), and Function (F). Every genomic information could be represented by
one of these track-formats. Presently, there is a vast amount of tracks rep-
resenting di�erent genomic features of various species in the HyperBrowser
system, for example : tracks representing genes and gene subsets, gene reg-
ulation, genome regulation, etc. on the human genome (three di�erent ver-
sions), mouse genome (two di�erent versions). All the tracks available in the
HyperBrowser could be seen on the system's website [16]

As described above, genome annotation tracks mathematically represent
genomic features on genomes. So if one wants to get some biological conclu-
sions by analyzing the tracks, the investigations should also be done math-
ematically. That is the case at HyperBrowser system. Those biological
hypotheses of interest are translated into a study of mathematical relations
between tracks [23] and then investigate them by running appropriate anal-
yses on appropriate tracks. For example, to answer the question whether or
not the histone modi�cations in a certain region near gene correlates with
the expression of that gene, one track of UP format (T1) and one track of
MS format (T2) is used, and the mathematical model : are the points of T1
fallen into T2 correlates the marks of T2 [23]. Since there are �ve di�erent
track formats, there will be 15 unordered pairs of (T1, T2) combinations.
Each combination of (T1, T2) has its own set of relevant analyses. The
number of relevant analyses for combinations varies and depends on how
many biological hypotheses are de�ned on the track combinations that are
of interest. There are 13 di�erent analyses have been implemented so far,
for 8 of 15 possible combinations [23, 7]. The number of available analyses
grows rapidly since the system is still under development.

An analysis performing on a pair of tracks is carried out both globally
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and locally at the same time. In the global analysis, the two tracks are
considered as a whole in the investigation of the possible relation between
the tracks. In local analysis, the tracks is partitioned into smaller units,
called bins, and the analysis is performed separately in each bin. The scale
of local analysis is de�ned by the length of bins. So, running an analysis on
a pair of tracks will return a global result and a set of local results, which
could be used to obtain more details about the global result.

How to initiate an analysis in the HyperBrowser system is described
thoroughly in section �Step-by-step guide to HyperBrowser analysis� in [23]

2.4 Programming laguages used in the implemen-

tation

2.4.1 Python

Python [12] is a high-level, interpreted, general-purpose object oriented pro-
gramming language, which runs on di�erent platforms ( Windows, Mac OS,
Linux or mobile platform). Python is distributed as Open Source software [8]
and therefore is freely available. Python has a clean and consistent syntax,
with unique block delimiters by indentation which makes Python code very
readable. Python supports dynamic typing, which means that only values
have types while variables do not. A variable in Python can refer to a value of
any type. Because of the nature of code readability, dynamic typing, and au-
tomatic memory management, Python is often used as a scripting language.
Implementation of programs using Python is very quick, although, like all
other high-level language, the execution of programs written in Python is
slower than those written in a low-level language. With it's advantages,
Python has become very popular worldwide and is widely used in many ap-
plication domains such as web-development, database access, network pro-
gramming, scienti�c computing and much more [11]. Python also integrates
well with systems written in other languages. Programs that are written
in C, C++ or Java can be made available in Python as extension modules.
The shortcoming in slow execution is reduced by writing those programs that
deal with computationally demanding task in other low-level language like
C, and then using them as extension modules in Python. Python is used in
this thesis to implement those functions dealing with organizing data and
other thing happening in the back-end. The �rst reason for choosing Python
is that it is used in implementing the HB system. Another reason is the ease
of integration of Python with other languages, especially R, because of the
need for running some code and functions written in R [13] which carry out
the clustering, and extract the result into �gures. R code is run in Python
by using the Rpy package [1].
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2.4.2 R

R is a programming language and software environment for statistical com-
puting and graphics. R provides facilities for data manipulation, data anal-
ysis and graphical display with a diversity of statistical and graphical tech-
niques such as linear and nonlinear modeling, statistical tests, classi�ca-
tion, clustering, making di�erent types of plot etc. The data clustering tool,
among many other tools in R, is very useful for this thesis. The hierarchical
and k-means algorithms in R are used to cluster annotation tracks in this
clustering system. There are many reasons for using these R clustering algo-
rithms in this thesis. The �rst reason is the ease of preparing the input data
prior to clustering algorithms. A distance matrix convenient for hierarchical
clustering could be easily constructed from the direct distance matrix or the
feature matrix. It is even easier for k-means clustering since the feature ma-
trix is used directly without any form of manipulation. The second reason is
the ease of handling or interpreting the clustering result. The results could
be displayed graphically by plotting and then saved into �gure, or informa-
tion of interest is easily extracted. The last reason for using algorithms in R
is that R is easily accessible in Python, which is mainly used to implement
the clustering functionality in this thesis.

R provides a large set of functions for cluster analysis purpose. More
details will be presented about the two functions used in this thesis : hclust,
a hierarchical clustering function, and kmeans which represents the patitional
clustering.

The hclust [3] is a hierarchical clustering function in R, which works on
the agglomerative principle. The function takes at least three parameters as
input. The �rst parameter is an object of type dist, which contains among
other data like size(number of tracks in the dataset), labels etc, a lower tri-
angle matrix stored in a vector. The values in this matrix are the distance
between tracks being clustered. Let d be the dist object and n be the num-
ber of tracks, then the distance between track i and track j (i<j<=n) is
stored at position d[n*(i-1) - i*(i-1)/2 + (j-i)]. The second parameter is a
method speci�cation, which speci�es how to measure the distance between
intermediate clusters under the clustering process. Available methods are
"single", "complete", "average", "median", "ward", "mcquitty", and "cen-
troid". "members" is the third parameter, which has NULL as the default
value. The default value of "members" parameter speci�es that the data
stored in the input dist object is the distance between feature vectors and
is not the distance between clusters. So the simplest run of hclust is :

hc = hclust(d, method = "complete", members=NULL)

wherein hc is an object of the class hclust, which contains the clustering
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result. The resulting dendrogram could easily be visualized by using the
"plot" function in R.

The k-means clustering in R is implemented in the function kmeans [5].
This function takes as input a feature matrix, number of clusters, and some
other information such as the maximum number of iterations allowed, how
many random initial sets should be chosen, or which algorithm is used. If
those options are not speci�ed, then kmeans uses as default maximum 10 iter-
ations, 1 random initial set, and Hartigan-Wong algorithm. In k-means clus-
tering, the clustering tracks must be represented by feature vectors, which
act as coordinators of a point in the n-dimensional space, because just in
such case, the k-means method could compute the centers of clusters after
each iterations. A K-means clustering on a set of tracks represented by a
feature matrix f_matrix could be run as following :

kc = kmeans(f_matrix, 3, algorithm="Hartigan-Wong")

which groups the tracks into three clusters. The result of this run is stored
in kc, which is an object of kmeans class. The result object contains much
information about the clustering, including :

� A vector of integers indicating the cluster to which each track is allo-
cated.

� A matrix of cluster centers.

� The number of tracks en each cluster.

� The sum of squares within each cluster.

2.4.3 Mako template

Templating [15] generally concerns the presentation of information in a man-
ner wherein the speci�c data is put into a static form to become a completed
product, for example a document. In this context, the static form is called
a template, which looks somewhat like the �nal document with the speci�c
data still left out. It could be imagined as a birth certi�cate form without
the name of the new born baby, date, and birth place. In order to have
a completed birth certi�cate, the form must be �lled out with a concrete
name, data, and place of birth. The web templating combines the data that
needs to be presented, and a web template to produce a completed web-page.
There are many templating engines (packages and modules) for Python that
provide di�erent feature sets and syntaxes. All these templating engines
combine a static web page written in HTML or XML and the data provided
by Python code to produce a dynamic web-page. Mako [6] is such a tem-
plating engine in Python which uses non-XML syntax. Beside the standard
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template features, Mako has some advantages. For example, it is fast, it
can use other templates via inheritance, etc. Since this clustering tool is a
part of the web-based system (the HB) which is implemented using Mako,
the Mako template is chosen to implement the web page of this clustering
tool. One reason for using Mako is the compatibility between the clustering
tool and the HB system. Another, even more important reason is that the
clustering tool could easily inherit some necessary functions from the HB
like the "track chooser". In the "cluster tracks" web-tool, HTML is used to
create those static components making the outlook of the page, while the
dynamic aspect is dealt with by Python code. More about the web-page of
the clustering tool comes in chapter 5.1.
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Chapter 3

Study of an example dataset

The main aim of this thesis is to �nd out as many as possible ways to cluster
di�erent kinds of input data types available on the HB system. To consider
every relevant clustering for all the input types at a same time could be a very
di�cult task. I chose therefore to do examination on a concrete situation to
see which clustering possibilities there could be, and then generalize the case
for all the target tracks I would like to cluster by this tool. So this chapter
acts as an intuitive introduction to the clustering cases which are described
as theoretical results, in Chapter 4.

Suppose that we have a set of retroviruses, and want to group them into
smaller subgroups for further investigation on viruses themselves, or for other
purposes (for example, to suggest a way to treat the diseases caused by a
virus by studying those already available information from other viruses in
the same subgroup or cluster). To be infected by a retrovirus may be inher-
ent with getting a disease. So a �rst thing that could be of interest in the
terms of retroviruses is the disease the viruses may cause. Various viruses
could cause di�erent diseases, but it could also be that the same or similar
diseases are caused by di�erent viruses. So diseases could be used as a cri-
terion to classify viruses. Beside the diseases, other �phenotype� properties
related to retroviruses could also be of interest and used as criteria for clus-
tering, such as which target host a virus prefers, the way a virus infects, etc.
There are, however, not just the phenotype properties of retroviruses which
are of interest. Molecular biologists, for example, could be interested in un-
derstanding the viruses on the molecular level, rather than at the phenotype
level. Retroviruses infect the hosts by integrating the viral genome onto the
host's genome. An interesting question is where in the host's genome a virus
prefers to integrate, and another is which of the cellular factors of the host or
the viral integrase may play the decisive roles in choosing integration sites.
A clustering of viruses based on their integration pro�les could be a suitable
investigation in this situation. David Derse and his research fellows clustered
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Figure 3.1: Virus integration pro�le represented as a vector.

Figure 3.2: Virus integration sites on human genome.

a set of retroviruses using the virus integration pro�les, in order to con�rm
their hypothesis that viruses with similar integrases have similar preferences
for target sites selection, as described in [22]. Each of the viruses may be
represented by an integration pro�le, which tells the positions on the human
genome where the virus integrates. For simplicity's sake, we assume that
viruses integrate onto the human genome by inserting their whole genome
at certain positions on the human genome, called integration sites (the po-
sition of the basepair where the viral genome is inserted). The integration
pro�le could then be mathematically represented as a vector as long as the
length of human genome (about 3 billions basepairs), which are represented
with a value 0 at those positions without virus integration, and a value 1 at
integration sites. Such a vector is shown in Figure 3.1. For convenience, in
subsequent illustration, the vector is visualized as a line with some points
indicating those positions in the vector where the value is 1 (those positions
on the human genome where virus integration has occurred), as shown in
Figure 3.2.

So we have a dataset of virus integration pro�les, as depicted above,
which we would like to cluster. The main focus now is to explore di�erent
possibilities for clustering such dataset, that could all be of interest under dif-
ferent biological contexts, depending on the speci�c biological investigation
or research question being examined. The �rst question could be : which
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viruses possess the same or similar distribution of integration sites over the
human genome? To �nd the answer to this question, one could cluster the
viruses based on the direct comparison of virus pro�les. The distance be-
tween two viruses is estimated directly from their pro�les, for example by
�rst computing the percentage of integration sites which occur at the same
position on both pro�les, as demonstrated in Figure 3.3, and then use one
minus this percentage as the distance between viruses. By comparing each
virus pro�le with all the pro�les of other viruses in the set, the distance
between every pair of viruses is computed. A clustering algorithm, such as
hierarchical clustering, is then used to partition the viruses based on the
distances that have been computed.

Using a direct comparison to compute the distance between pairs of
viruses may not work well, since the number of integration sites is almost
negligible in relation to the length of the pro�le. So the probability of two
integration sites on two pro�les to appear at the same position is very small.
This leads to the problem that there are many pairs of viruses having the
same distance (distance = 1), which causes di�culty for the clustering algo-
rithm to separate the viruses. Another reason that clustering in this way is
not suitable, is the fact that there could be integration sites which are quite
near to one another and could therefore indicate some similarity, which is
totally ignored when computing the distance using this method. It could be
more reasonable to compare viruses based on the number of integration sites
that appear in certain regions on human genome because it is more probable
that there are integration sites in a region than at one single position. So the
second question could be : which viruses prefer to integrate onto the human
genome in the same regions? The region here could be a whole chromosome,
a chromosome arm, a cytoband, or a region with certain length speci�ed by
the user. This question could be answered by a clustering of viruses with
an appropriate de�nition of the distance between viruses. The pro�les of
all viruses are �rst divided into regions, and then the percentage of integra-
tion sites falling into each region is counted. Each virus is now represented
by a new vector, called a feature vector, which contains these percentages.
The construction of a feature vector is demonstrated in Figure 3.4. The dis-
tance between a pair of viruses is now de�ned as the mathematical distance
between their feature vectors. The Euclidean distance is one of the most
convenient choices for computing the distance between vectors, and is suit-
able for use in this case. When the distance between every pair of viruses
has been computed, a clustering algorithm is used to do the grouping.

Another interesting question could be how the integration sites of a virus
are related to other genomic features on the human genome, or which viruses
prefer to integrate at the same genomic features. A genomic feature here
could be genes, transcription start sites, CpG islands, etc. To do the clus-
tering in this case, viruses are also represented by feature vectors but these
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Figure 3.3: Direct distance between two virus pro�les.

Figure 3.4: Construct self feature vectors for viruses.

vectors are constructed in a di�erent way and contain di�erent information
from the previous case. The whole vector now is taken to represent the rela-
tionship of a virus to the set of references. One feature in the feature vector
means now the portion of integration sites occurs near or inside one speci�c
genomic feature. Figure 3.5 shows how the feature vectors of two viruses
are created. There are just two references used here for demonstration pur-
poses, but the number of references could be much higher in practice. The
clustering work described in Derse et. al. article is done in this way.

So there could be many di�erent ways to cluster even one single dataset,
dependent on the investigating purpose of the user. We next summarize
possible clustering methods for the virus integration dataset, before going
on to consider the possibilities for di�erent datatypes that are also available
within the HB.

� Virus integration could distribute equally along the genome. This leads
to the "direct distance" case.

� Virus integration distributes equally inside certain regions on the genome?
This analysis is the clue for the "self feature" case.
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Figure 3.5: Construct reference feature vectors for viruses.

� Virus integration prefers speci�c genomic features on the genome (near
or inside genes, transcription start sites, etc)? This is the clue for the
"use reference" case.

Regarding the clustering of genome annotation tracks within HB, the
clustering system should support as many di�erent ways of clustering as
possible to enable the user for di�erent types of biological inquiries. So the
system should ideally support all cases illustrated with the viruses mentioned
above, including the case using phenotype properties of viruses. But since
the clustering method must be compatible with the dataset one has in hand,
plus the added reason that the data representation in genome annotation
tracks in the HB is represented in the same way as the integration pro�le,
the main focus in this thesis is to implement a system which could �rst sup-
port the three clustering cases using virus integration pro�les, with potential
further development in mind if other clusterings become more relevant. So
temporary, the three clustering cases will be implemented for all of the track
formats available in the HB. The detailed explanation about how it works
for di�erent track formats comes in Chapter 4.
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Chapter 4

Theoretical results

We have discussed di�erent clustering possibilities for the virus dataset in the
previous chapter, and decided at the end of the chapter that the clustering
tool being implemented should also support equivalent methods regarding
the clustering of the genome annontation tracks available in the HB system.
A generalization of the clustering cases applied to the virus dataset is needed
for all tracks of di�erent formats available in the HB system. Accordingly,
this chapter is meant to go through the theoretical aspects in regards to
the clustering of tracks within the HB system. We �rst present the back-
ground information leading to the three clustering cases, and then explain
thoroughly how we handle the clustering of di�erent formats of tracks in all
the three cases.

A clustering procedure is always based on a measurement that could
separate the clustering objects. The most frequently used measurement in
cluster analysis is the distance between the clustering objects or data points.
The distance could be determined based on some appropriate criteria, de-
pendent on how the clustering objects are represented. Generally, we can
represent an object by a feature vector, which could be a set of measurements
on the object or a set of relationships between the object and other reference
objects, and then de�ne the distance between objects as the mathematical
distance between their feature vectors. Sometimes the distance between two
objects is somehow estimated directly from the raw data, without repre-
senting them by feature vectors [25]. There are two natural ways to create
feature vectors representing objects :

� self-feature : the feature vector is created solely based on the object.
Each feature in the vector is considered as a projection of the object
onto a certain domain. Features can be qualitative or quantitative.
We can, for example, represent each car by a vector consisted of some
properties of the car such as : weight, colour, produced year, its power,
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number of wheels. colour is the qualitative feature here, while those
other features are quantitative.

� reference-feature : the feature vector could also be created by con-
sidering how the object is in relation to a set of other objects, called
reference objects. Each feature in this case is the relation between the
object and one of the objects from the references. A typical example is
the coordinations of a point in a three dimensional space : the point is
represented by a vector with components that are distances from the
point to X, Y and Z axes.

We could also de�ne the distance between every pair of objects in a
more direct way. We make a thorough assessment of the direct relationship
between the two objects in order to extract a quantity that could be use as
the distance between the objects. It is now as if we de�ne a function that
takes the pair of objects as input parameters, and return a scalar. We then
use this scalar as the distance. The ratio of the size of one object to the size
of the other object could �t well into this case.

Applying the idea of representing data objects and accordingly calculat-
ing the distance between objects to the case of genome annotation tracks in
the HB, we divide the clustering of tracks into three di�erent cases, called
self-feature, reference-feature, and direct distance. These three cases also
correspond to the clustering cases of the example dataset described in Chap-
ter 3. How the tracks are represented, and how the distance between the
tracks is calculated in each case will be depicted in a separate section below.

In addition to the clustering of genome annotation tracks, the clustering
of regions in a single track, such as the clustering of genes described in [18],
is also of interest in this thesis. The regions on the track now play the role
of clustering objects and the clustering idea could be similar to the previous
cases. That was the reason that the clustering tool implemented in this thesis
should also support the clustering of regions. Based on the fact that there
is only one track involved in this clustering, the clustering is considered as a
separate case, named regions clustering, and is described in the last section
of this chapter.

4.1 Case I : self-feature

In this case, the tracks to be clustered are represented by feature vectors
constructed based only on the tracks themselves. One typical example of this
type of feature vector is the vector containing the distribution of the data
on the track over regions with certain length. A feature now represents the
proportion of the data inside one certain region. The distance between two
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Figure 4.1: track of Points format

tracks is then de�ned as the mathematical distance between corresponding
vectors representing tracks. There are many such built-in distance de�nitions
in the dist function in R, which is called to construct the distance matrix
out of a set of feature vectors. The matrix is then used as input to clustering
algorithm (hclust or kmeans), also in R.

Based on the di�erent natures of data representation in di�erent track-
formats, the construction of feature vectors for the tracks was done in di�er-
ent ways suitable for each track-format. There are �ve di�erent formats of
tracks in the HB, but since the additional marks are not taken into account
in any relevant investigation in this clustering context, I just specify here
three ways to create feature vectors for tracks of type Points, Segments, and
Function.

4.1.1 Points

A track of Points format is shown in Figure 4.1. One possible way to create
a feature vector for this kind of track is to create a vector as long as the
track's length, which has a value of 1 at those positions where there are
points (base-pairs) on the track, and a value of 0 at other positions. Vectors
are easily constructed on this way because we do not need to do much, just
create an initial vector with 0s, then go through the track and change the
value on the vector to 1 at those positions with base-pair on track. But since
the tracks are very long (three millions), we would expect a long vector with
a much larger portion of components stands with value 0. There would be
little meaning working with such vectors. The distance between two vectors
could be the total number of points in two tracks because of the very small
possibility of overlapping points. The distribution of points is clearly not
taken into account when computing distance between tracks while we would
expect that tracks with points distributed fairly near to each other should
be more similar, and therefore give a smaller distance.

One other way to create the feature vector is to divide the track into
several bins with the same length and then counting the number of points
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Figure 4.2: How a feature vector is constructed for Points track

in each bin. The bin's size is speci�ed by the user. The length of feature
vectors is now the number of bins. Feature vectors constructed this way have
some advantages :

� The vectors are not very long, and therefore could be handled much
more easily.

� Values in the vectors are more meaningful when bin size is appropri-
ately chosen (whole chromosome, chromosome arm, cytoband, etc)

� When the vector is normalized by dividing by the total number of
points on the track, value in each bin will then equal the portion of
track in that bin. And the vector will then equal the distribution of the
track over the bins. The construction of the feature vector in this way
is illustrated in Figure 4.2. Normalization this way also eliminates the
dominance of track with more points over the track with less points
when the distance between them is computed.

4.1.2 Segments

Figure 4.3 shows a track of the Segments format. The feature vector is
created here almost in the same ways as those used for tracks of type Points,
with the same advantages and disadvantages. The only di�erence here is
that a track of Segments format contains more base-pairs than tracks of
Points format, but in principle, Segments track can be considered as a Points
track with as many points as the total base-pairs on the track. With the
advantages as described in the Points case, feature vector constructed in the
second way will be implemented. The tracks are namely divided into bins,
and then the number of base-pairs in each bin is counted. A vector that
contains all these numbers is the feature vector of that track. The distance
between two tracks is also de�ned by the mathematical distance between the
corresponding feature vectors. Since the base-pair coverage of tracks varies,
the tracks with higher base-pair coverage (having the feature vector with
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Figure 4.3: Track of Segments format. Yellow boxes are regions on track
with basepairs.

higher value) will be dominant in computing the distance between tracks. In
order to ignore the in�uence of the base-pair coverage on tracks, the feature
vectors are then normalized by dividing by the total number of base-pairs
on the tracks.

4.1.3 Function

The situation in this case is almost the same as in the two cases above. The
feature vector of a Function track could be built by putting the function's
value at every position into a vector as long as the track. The distance could
also be de�ned by the mathematical distance between the feature vectors.
However, it is not advantageous to compute the distance between such long
vectors (three billion long). The feature vector is instead constructed by
splitting the track into a certain number of bins, and computing the func-
tion's average value in each bin. A feature is now the representative value
of the function in that bin. The feature vector could then be used in com-
puting the distance or could be normalized by dividing by the sum of all
the values in the feature vector in order to eliminate the e�ect of the scale
of the function's values, which could in�uence the distance between feature
vectors.

4.2 Case II : reference-feature

In many cases, the self-feature vector representing the object is not suitable
in the context where the object is investigated. For example, to compare
the e�ectiveness of two computer programs, the length of source code or
the number of classes in each program is not the suitable information to
take into account, but one should rather take into account other informa-
tion, like how the programs work on di�erent platforms, how e�ective they
are on di�erent input data sets etc. This means that the programs should
not be represented by those features extracted directly from themselves but
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rather represented by those external features that show the relationship of
the programs to di�erent references. The references in this example are those
di�erent datasets or those di�erent platforms. Another example is the com-
parison of retroviruses carried out by David Derse and his colleagues [22].
The genome of the viruses is not suitable data for use in this case, but rather
a vector of those features of how often the virus integrates near or inside a
set of speci�c genomic features on human genome is more relevant informa-
tion. These genomic features on the human genome act as the references
and the relationship of virus to a reference is measured by the frequency of
virus integrations near or inside that reference.

Returning back to the clustering of genome annotation tracks in the HB
system, the tracks are in this case, represented by feature vectors, which
consist of a set of relationships between the tracks and a collection of other
tracks, called references. The references are also tracks in the HB. Which
tracks should be used as references depend on the investigation the user
is interested in. In contrast to the fact that all the clustering tracks must
be in one format, the reference tracks could be of di�erent formats, and of
course could be of the same format as the clustering tracks. The relationship
between a clustering track and a reference track is computed by a statistical
function. Each statistical function represents a speci�c investigation in a
biological context. All the relevant statistical funtions are collected into a
catalog, which is used in order to present those available functions to the user,
who then decides which one to be used. The relationship between the track
and the reference is implicitly normalized within the statistical function, so
we do not need to normalize the feature vectors any more, except when a
special normalization is needed. Also, in this case, the distance between the
tracks is de�ned by the mathematical distance between feature vectors.

4.3 Case III : direct distance

In case I and II, a feature vector is created for every track, and the dissimilar-
ity between tracks is de�ned as the distance between feature vectors, which
is measured mathematically. The distance measured in this way always sat-
is�es those requirements needed for being employed in cluster analysis (see
section 2.1). In this case, the dissimilarity between tracks is measured in
a di�erent way. The distance here is the direct relationship between two
tracks, which means that it is computed directly out of the tracks by de�n-
ing a function that takes tracks as input arguments and then returns a scalar
value. Since this distance will be subsequently used for clustering, it has to
satisfy all those requirements speci�ed in section 2.1 on page 5. The distance
should also, of course, re�ect the dissimilarity of tracks, with larger distance
meaning more dissimilar tracks.
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Figure 4.4: Direct distance between two tracks of Points format

Due to the various nature of data contained in di�erent track-formats, a
method computing the distance between a pair of tracks of a certain format
could not be suitable for use for tracks in other format. So one method has
been designed for each of the track-types.

4.3.1 Points

One possible way to de�ne the distance is shown in Figure 4.4. The distance
is a sum of all local distance from a point on one track to the nearest point
on the other track. If a current point is followed by an another point on
the same track, then one should just update the current point to be the last
point and do nothing with the sum. This sum is easily computed but it
does not re�ect well the dissimilarity between the tracks. Firstly, distance
de�ned in this way does not take into consideration the distribution of points
on tracks. Secondly, it does not take into account how many points there
are on the tracks. Here is one example : let track1 consist of 100 points at
odd positions from 1 to 199, let track2 consist of 100 points at even positions
from 2 to 200, and let track3 consist of only one point at position 299. Now
the distance between track1 and track2 (called d(track1, track2)) is 100,
while d(track2,track3) is also 99. If we consider the dissimilarity between
track1, track2, and track3 based only on the distance computed in this way,
then track2 would be more similar to track 3 than it is to track1. But based
on the total number of points and how they are distributed on those three
tracks, it is clear that track2 is more similar to track1 than to track3. So
this method is not a suitable way to de�ne the distance between tracks of
the Points format.

Another method was considered : we deploy the track expansion function
to expand tracks by adding a certain number of base-pairs around every point
on tracks. How many base-pairs are added to upstream and downstream of
points is speci�ed by the user. The track's format now becomes Segments,
and we can use the same mechanism as described in section 4.3.2 to compute
the distance between them.
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Figure 4.5: Direct distance between two tracks of Segments format

4.3.2 Segments

The �rst idea regards to the distance between tracks of Segments format to
be the intersection of the tracks, which is demonstrated in Figure 4.5. The
result of the track's intersection is the total number of overlapped base-pairs
on the tracks. The larger the intersection is, the more tracks overlap, which
means that the tracks are more similar. However, it is convenient to use a
measure of dissimilarity, such as distance, in clustering. we would therefore
like to convert the intersection to an other quantity that could represent
the dissimilarity between the tracks. This means that larger values re�ect
bigger dissimilarity. Moreover, the intersection itself may not be a very good
measure to represent the similarity between tracks because it does not take
into account the base-pair coverage of the tracks. It is obvious that the
intersection of two tracks with high base-pair coverage is larger than the
intersection of two tracks having lower base-pair coverage, regardless of how
large portion of tracks are overlapped. In order to take into account the
total base-pairs on tracks in assessing the similarity between the tracks, we
suggest the ratio of the intersection over the union of the tracks involved. We
�rst compute the �intersection over union� ratio, then transform this ratio
into a measure of distance, as follows :

1. compute the quantity iu(t1,t2) :

iu(t1, t2) =
intersect(t1, t2)
union(t1, t2)

2. de�ne the distance : either by
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d(t1, t2) = 1− iu(t1, t2) (4.1)

or

d(t1, t2) =
1

iu(t1, t2)
− 1 (4.2)

Distance de�ned in both ways satis�es all the requirements speci�ed in
section 2.1. In the �rst alternative, the distance is a linear function of the
value of iu(t1,t2), and evenly distributes in the interval [0,1]. It gets value
0 when the tracks are identical, and gets value 1 when the tracks do not
overlap. The distance in the second alternative is a reversed exponential
function of iu(t1,t2). The distance is 0 in case t1 and t2 are identical, and
it exponentially increases when iu(t1,t2) decreases. If the iu(t1,t2) decreases
two times, the distance will increase four times. So the distance de�ned in
this way will be more distinct. But one big problem will arise when the input
tracks do not overlap because iu(t1,t2) gets then value 0.

Generally, the decision of which one of the two alternatives above should
be used is dependent upon the speci�c investigation. If a clearer dissimilarity
between tracks is essential in a analysis, then the distance de�ned in the
second way should be favored. But if we merely want to cluster tracks into
clusters without further interest in the distance between tracks, then we
should choose the distance de�nition in the �rst way because we do not
need to take care of the zero division problem. The clustering result will
be the same regardless of which de�nition is used. If iu(t1,t2) is bigger
than iu(t1,t3), then d(t1,t2) will always be smaller than d(t1,t3) regardless
of which de�nition is used to compute the distance. In the context of this
thesis, the main aim is the clustering of tracks, so the �rst de�nition is
best suited. But since the implementation of the other case does not take
very much extra work, both cases were implemented. The decision of which
alternative to be used in a speci�c analysis is left to the user.

4.3.3 Function

To measure a distance between two tracks of Function format is almost the
same as assessing how far away two mathematical functions are. Things we
should take into considering are the values of the functions, and their shape.
We could de�ne that two functions are more similar if their values are in less
deviation at every position. Or we could de�ne that two functions are more
similar if their shapes are more similar. As of now, we do not have many
tracks in the HB in Function format. One example of this type of track is the
melting temperature of every base-pair along the genome. The temperature
is measured in Celsius scalar at some tracks, while the Fahrenheit scalar
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is used at other tracks. In this case, it is clear that we should de�ne the
distance between two tracks based on the function's shape because of the
fact that one function measured in Celsius will have the same shape when it
is measured in Fahrenheit, and one can easily convert the temperature from
Celsius to Fahrenheit scalar or vice versa using a �xed changing system. The
dissimilarity of tracks, in this case, has been de�ned based on their shape
by �rst computing the correlation coe�cient of the two functions, and then
doing some additional calculation in order to get a quantity that could be
used as distance between these two functions (tracks)

Let cc(t1,t2) be the Pearson's correlation coe�cient [9] of tracks t1 and
t2. cc(t1,t2) gets a value 1 if t1 and t2 change correspondingly, and it
gets a value -1 when t1 decreases while t2 increases or reversed. Since this
cc(t1,t2) is larger when tracks t1, t2 are more similar, it does not re�ect
the dissimilarity between tracks, and therefore it cannot be used directly
as the distance. The distance would rather be de�ned by making some
transformation of the correlation coe�cient value, as follows :

�

d(t1, t2) = 1− cc(t1, t2)

�

d(t1, t2) =
1

1 + cc(t1, t2)
− 0.5

With the �rst de�nition, d(t1,t2) is a value in the interval [0,2], d(t1,t2) is
equal to d(t2,t1) and d(t1,t1) is 0, and d(t1,t2) is larger when t1 t2 are more
dissimilar. We see that this de�nition of distance satis�es all requirements
speci�ed in section 2.1, and could be used as distance between Function

tracks. In the second de�nition, d(t1,t2) is a value in the interval [0,in�nity),
and also satis�es all the requirements to be used as the distance between
tracks. With the same arguments as in the Segments case, using the �rst
de�nition would be better because we then do not need to deal with the 0
division. Both cases are implemented in practice, and one should expect to
get the same clustering result. Some independent runs will be executed later
on, in order to verify if we get the expected results or not.

4.4 Case IV : Regions clustering

This clustering system could also support a quite di�erent case of clustering
: namely the clustering of regions contained on a same track. A region is a
continuous segment on the track, as shown in Figure 4.6. The motivation
behind the idea for region clustering comes from the fact that there are stud-
ies, in which the clustering of many entities of the same genomic feature (for
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Figure 4.6: A demonstration of regions on a track.

example genes) that are at di�erent positions on the genome, is needed. An
example of such a study is the work carried out by Aleksandra Pekowska [18].
In this study, genes were clustered based on their chromatin signatures over
the regions extending from -2kb to +8kb around the transcription start site.
The clustering is one step in the chain of investigations to prove that genes
regulated in a tissue-speci�c manner share a unique chromatin signature,
di�erent from those genes that are ubiquitously expressed.

In region clustering, the regions play the role of clustering tracks as in
previous cases. It should be worth examining which representations of tracks
are applicable for clustering of regions. Based on the representation of regions
on a track, only the start and stop position of each region is stored, there
could not be any kind of comparison between two regions. And therefore
the �direct distance� between two regions cannot be estimated . Therefore,
the �direct distance� case is not applicable here. A self-feature vector for a
region computed by dividing the region into bins and counting the portion
of base-pairs in each bin may not contain much information about the region
because the bins have the same length and therefore a same portion of base-
pairs will fall into every bin. If the vectors are constructed in this way, all
the regions will have the feature vectors with the same values. So the only
one way to represent the regions is by measuring the relationships of the
regions to a set of references. The feature vectors could be constructed on
two di�erent manners. One manner involves just one reference track, while
the other way uses many references.

4.4.1 Using just one reference track

When there is just one track used as a reference, each of the regions on the
clustering track is divided into the same number of bins. The track is then
aligned with the reference track to compute the values for the feature vectors.
How the values are computed is dependent upon the format of the reference
track. If it is a track of the type Points, the feature vector is constructed
by counting the portion of points on the track that are fallen into the bins.
If it is about a track of type Segments, the portion of base-pairs fallen into
each bin is computed instead of the percentages of points. With a track of
the format Function as reference, the values of feature vectors could be the
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Figure 4.7: Construct feature vectors for regions using one reference track.

Figure 4.8: Construct feature vectors for regions using many reference tracks.

average of function's values in each bin. Figure 4.7 demonstrates how the
feature vectors are computed for a clustering track with two regions and a
reference track of the type Points. The number of regions here does not mean
that there must be two regions on the clustering track, but rather chosen for
the simplicity's sake. The regions are split into �ve bins. This means that
the feature vectors have the length of �ve. The values in the vectors are the
portion of points on the reference track that occur in the appropriate bins.

4.4.2 Using many reference tracks

In this way, the regions are not split into bins. The features now are the
relationships between a region and reference tracks. The length of the feature
vectors is the number of reference tracks. The reference tracks could be of
di�rent formats. If the reference is of Points format, so the feature is the
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portion of points on that track that are located in the region. Similarly, when
the reference is a track of Segments format, the feature is the proportion
of base-pairs located in the region. For a Function track as reference, the
feature is the average value of the function inside the region. Figure 4.8 shows
how the feature vectors for two regions are created. The references here are
two tracks of the type Points, but they could be tracks of other format. The
�rst value in the vector 1 is 0.375 because 3 of 8 points on the reference
track 1 occur in the �rst region. The values at other positions are computed
in the same way. Here, just two regions and two reference tracks have been
used to demonstrate the idea for simplicity's sake, but there should be many
more references and more clustering regions. There is not any meaning in
clustering only two regions.

4.5 Summary of this chapter

The three ways for computing the distance between di�erent tracks and
the �regions clustering� case, as described above, forms the basis for the
four distinct clustering cases, which the clustering tool implemented in this
thesis supports. The feature vector in the �rst case (self-feature) is like the
catalog of all the properties of the clustering track in di�erent bins, and the
dissimilarity is considered based on these properties of track. The second case
(reference-feature), the clustering track is represented by the relationship of
the track to a set of reference tracks. The feature vector in this case is like a
catalog of the tracks's behaviors towards the references. So the dissimilarity
between the clustering tracks is measured based on the track's behaviors. In
the direct-distance case, a quantity is extracted directly from each pair of
tracks and used as the distance between that pair of tracks. The distance
computed this way depends solely on the tracks involved. The clustering of
regions is based on the feature vectors representing the relationship of the
regions to the reference tracks. The feature vectors could be created using
just one reference track or using many di�erent tracks.

The distinction of clustering cases written in the previous paragraph
concerns general clustering tasks. Which case to use, and how the features
or distance is interpreted is dependent on the speci�c task. Regarding the
clustering of genome annotation tracks in the HB, what kind of investigation
one would like to perform on a set of tracks would decide which clustering
case of this clustering tool should be used.



40 CHAPTER 4. THEORETICAL RESULTS



Chapter 5

Implementation

Figure 5.1: The initial look of the web-tool

The implementation of this clustering system is divided into two di�erent
parts : the �rst part regards the website (front-end), and the second part is
about the logics running in the background (back-end). The front-end of the
system is implemented in a �le named clusteringtool.mako, which is a combi-
nation of Mako template and html code, while the back-end is implemented
in the �le clusteringtool.py where those appropriate python functions/meth-
ods needed for the system are. The back-end part is accessible in front-end
via the control object of back-end, and the front-end is accessible in the
back-end part by a parameter called params. The mechanism for connecting
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front-end and back-end parts exists already in the HB system. The tracks
choosing mechanism is also already implemented in the HB. There is also a
feature-catalog where those relevant statistics for the clustering system are
stored. These statistics, and the mechanism deciding which ones will be
availabe for a certain pair of tracks are also features already implemented in
the HB. When the cluster tracks and cluster case are chosen (and reference
tracks in the case using references), those available statistics will be listed
for selection by the user. Available statistics depends on the formats of the
cluster tracks (and the reference tracks).

5.1 Front-end webpage

Html is generally used to construct the static parts of a webpage. In the web-
page created for this thesis, html tags such as �form�, �label�, �radio button�,
�button� and �select� were used in order to create the necessary components
and put them in an appropriate order. Since the webpage needs to be inter-
active with the user via user's choices on di�erent options, other mechanisms
must be used in order to make the page dynamic. Mako template is used in
this case to deal with the dynamic aspect of the page. The page refreshes
every time an option is selected. Under the refresh, the code written in Mako
will be executed, and the results will be used to update the outlook of the
web-tool.

The initial page of the clustering tool is shown in Figure 5.1. The main
components of the webpage are :

� A "track chooser" for selecting the genome, which subsequently chosen
tracks belong to.

� A �eld with many "track chooser" for selecting those clustering tracks
(tracks that will be clustered).

� A "radio button" �eld for selecting clustering case (one of those 3/4
described in section 4.

� A �eld for selecting the reference tracks that appears when the "Use
reference tracks" is chosen.

� A �eld for selecting the relevant statistical function(imported from
HB).

� A region & scale �eld for de�ning which region of tracks is taken into
consideration and the bin-size (region and scale is needed for the sta-
tistical function).
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Figure 5.2: Expansion of reference track

� A clustering method & option �eld for de�ning how the distance be-
tween tracks is computed(in case tracks are represented by feature
vectors), which method will be used to cluster the tracks, and how the
distance between clusters is de�ned(this information is needed for the
clustering method).

Uppermost on the page is the genome chooser by which the user can
choose which genome to use. The next �eld is named "cluster tracks" where
those tracks which will be clustered are selected. The number of clustering
tracks depends on the user, and he or she could easily add more tracks by
clicking on the "Add more tracks" button, and then selecting the track.
Every timee the button is clicked, the numberOfTracks variable will increase
by 1, the page is refreshed and many track choosers are created according
to the value contained in the �numberOfTracks� variable. Those tracks that
had been chosen before clicking the button will be hold unchanged, and just
those tracks which had not been chosen have to be selected. All the clustering
tracks must be in the same format, because there is no sense comparing a
track of type Points to a track of type Segments, or in clustering them into
clusters.

The next �eld on the page is for selecting clustering case. �Radio buttons�
are used here because just one of the cases is allowed at a time, which means
that one can not execute a run using two or more di�erent clustering cases.
The page refreshes when an option is chosen, and this choice will a�ect the
appearance of the next �elds.

If "direct distance" is chosen, available statistical functions will be sug-
gested in the �eld "options for pair distance". These functions are relevant
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statistical functions in the HB for the �direct distance� case, based on the
format of clustering tracks. At this point, only the option "ratio of inter-
section vs union of segments" is available. Since this ratio measures the
similarity between tracks, one has to specify how the distance is computed
using this ratio by selecting one of the two options at the "distance is" select
tag. Which region of tracks is taken into consideration, and the bin-size is
speci�ed in the �eld "region & scale". In the �eld "clustering method & op-
tions", there is only the hierarchical method available because the k-means
method can not be used in this case. One must also select the extra option
that speci�es how to compute the distance between clusters in hierarchical
clustering.

If "Use reference tracks" is chosen, the �eld for selecting references will
appear. The user can add how many reference tracks he/she wants by click-
ing the button "Add refTrack", and then select the track in the same way as
he/she selected the clustering tracks. Unlike clustering tracks, the reference
tracks can be of di�erent formats. After a reference track is selected, a list of
available statistical functions will be suggested for the user to select. These
functions are those relevant for the format of the clustering track and the
format of the reference track. Each reference track could also be expanded
by selecting "Yes" or "No" in the select tag "Expand this refTrack and use
as a new refTrack". If "Yes" is selected, another select tag will appear for
specifying how many expansions one would like to make. For each expan-
sion, the user then has to specify the number of base-pairs he/she wants to
add upstream and downstream to each of segments (or points) on the tracks
as shown in Figure 5.2. The user then needs to specify the region and bin-
size for the statistical function in the "region & scale" �eld. The distance
between two feature vectors is de�ned by selecting one of those available
options in the �select� tag. The clustering method could now be hierarchical
or k-means clustering. If the method is hierarchical, then the user has to
select the way to compute the distance between two clusters. Otherwise, the
number of clusters must be speci�ed.

If the "self feature" is chosen, then available ways for creating the feature
vector will be listed in the "self feature options" �eld. These statistical
functions are also de�ned in the "Feature catalog", and are relevant for
the format of clustering tracks. Those options in "region & scale" and in
"clustering method & options" will be speci�ed in the same way as in the
"use reference tracks" case.

When all the necessary information for a clustering procedure is correctly
selected, the "Cluster tracks" button at the bottom of the page becomes
visible. Clicking on this button will start the clustering process.
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5.2 Back-end functions

5.2.1 How to run an analysis in the HB

As mentioned in section 2.3, a comparative analysis in the HB system is a
mathematical investigation carried out on a pair of tracks. The two tracks
involved in an analysis are speci�ed by their names (trackNames). A track
contains a speci�c biological feature along the whole genome. However, the
user may sometimes not be interested in an analysis that takes the whole
tracks into consideration, but rather be interested in investigating the rela-
tion between two certain regions of the tracks. The under-considered region
must therefore be speci�ed by the user. In addition to deciding the region
used in an investigation, the size of the bins which that region is divided
into, is also needed. A bin could be a whole chromosome arm or a chro-
mosome while the region is several chromosomes or the whole genome, or
the region could be a speci�c region on a speci�c chromosome while the
bin is some thousands of base-pairs. In addition to trackNames, region and
bin-size, some other necessary information is also needed for performing an
analysis. Which additional information used is dependent on the type of
investigation the analysis performs. For a "Descriptive statistics" investiga-
tion, the name or title of the speci�c statistical function, which is used, must
be given. All the information speci�ed above is used to create an object
of the AnalysisDefJob class (in StatRunner.py), and the investigation is
then performed by calling the run() method of this object. The syntax for
creating an AnalysisDefJob instance is:

AnalysisDefJob(analysisDef, track1, track2, userBinSource)

wherein

� AnalysisDef : speci�es which statistical investigation is used in the
analysis. A analysisDef is given in the form of a string "some words ->
statistics identi�er", where the left side of the arrow is a description of
the investigation, and the right side of the arrow is the identi�er of the
investigation. The identi�er speci�es which statistical function is used
in the investigation.

� track1, track2 : names of the two tracks involved in the analysis.
(track1 or track2 can be a �NULL� string when the statistical func-
tion investigates just one single track)

� A userBinSource object : speci�es the genome where the two tracks
are from, the region on tracks taken into consideration in the analysis
and the size of bins into which the considered region is divided.
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One could start running an analysis by calling its run() method, as in the
following syntax :

AnalysisDefJob(analysisDef, track1, track2, userBinSource).run()

which returns an object of Results class containing all the detailed results
of the statistical investigation involved in this analysis. Among other infor-
mation about the run, the result object contains a global result-dictionary
of the run, and many local result-dictionaries for each of bins that the tracks
are divided into. The global result is the overall result of the analysis of the
whole considered region, while the local result shows the analysis in each
bin.

5.2.2 The catalog of analyses relevant for the thesis

There are already many comparative analyses available in the HB, and the
number of available analyses still increases because the HB system is still
under development. Not all of the available analyses are relevant for the
clustering tool implemented in this thesis, but rather just a few of them are
temporarily used. These relevant analyses are collected into a dictionary
called FeatureCatalog. The �rst reason for doing this is to have an overview
of those relevant analyses used in the thesis, and to limit the considered
analyses to just these analyses in the catalog when checking which analyses
could be used for a pair of tracks. Another reason for putting those relevant
analyses into a catalog is that the clustering tool does not make use of all
information stored in the result of an analysis, but rather just a small part
of it. An additional information is added to every analysis when it is put
into the catalog. Therefore a record in the FeatureCatalog speci�es not
only the investigation, but also the key to extract value of interest from the
result of a run using that investigation. A relevant analysis is put into the
FeatureCatalog as follows :

allFeatures['Mean inside'] = ['dummy -> MeanInsideStat','Result']

where allFeatures is the name of the dictionary, "Mean inside" is the key in
the catalog which speci�es the analysis ['dummy ->MeanInsideStat','Result'].
The string "dummy -> MeanInsideStat" will be used as the analysisDef,
while "Results" will be used as the key to extract the interested value out of
the result dictionary. For each pair of tracks, the system will propose to the
user of the clustering tool a list of catalog-keys (like the "Mean inside" one)
that are connected to analyses available for that pair of tracks and the user
then chooses which one is to be used.
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As mentioned in section 5.1, when clustering tracks and other necessary
information are selected, some relevant statistical analyses are proposed de-
pendent on the format of tracks involved and the clustering case. There is
a FeatureCatalog (a python module) in which all those statistical analyses
relevant for this clustering tool are stored. Relevant analyses for a clustering
case are stored in a separate class. Since a certain analysis is usable only for
some track formats, when tracks involved in a clustering case are selected on
the webpage, the function �getValidAnalyses(genome, track1, track2)� in the
FeatureCatalog is called to check which analyses from the FeatureCatalog
are available for input tracks. The �getValidAnalyses� function does nothing
but call the �_tryAnalysisDefForValidity(analysisDef, genome, trackName1,
trackName2, tryReversed=False)� from the AnalysisManager class, which
then goes through those analyses stored in the catalog and checks which ones
are usable for the input tracks. These available analyses are returned to the
webpage and listed for the user to choose. As of now, there is implemented
only one way to analyze the direct distance for tracks in US format : �Ra-
tio of intersection vs union of segments� (more details about this statistical
function is in Section 4.3.2), one way to create the self feature vector for
tracks in US format : �Prop. Bp coverage�, and four di�erent analyses to
compute the feature between a clustering track and a reference track, as
listed below :

� �#Bp overlap�, and �#Bp overlap, di� from expected�, for US-US tracks.

� �Mean inside�, for US-F tracks

� �#Points inside�, for UP-US tracks

After some test-runs were executed using this clustering case in an at-
tempt to reconstruct the clustering of retro-viruses in Derse's study, it was
discovered that the clustering results did not match with the result described
in Derse's study. One of the reasons for not getting the expected result was
that the statistical function used in the test-runs does not compute the ex-
pected relationship depicted in Derse's study. More about the test-runs will
be written in Chapter 6. The point here is that the FeatureCatalog has been
updated with two more statistical functions added :

� �Prop. of tr2 covered by tr1� for US-US tracks, and

� �Prop. of tr1-points falling inside segments of tr2� for UP-US tracks.

It was also discovered via the test-runs using the �self-feature� case that
the statistical function Prop. Bp coverage does not compute the proportion
of base-pairs in each bin to the total number of base-pairs on the track. This
function computes rather the base-pair coverage in each bin, namely the
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ratio of the number of base-pairs over the length of bin. The FeatureCatalog
must therefore be updated again, by adding two more statistical functions :

� �Relative coverage per bin� for tracks of the Segments format, and

� �Relative frequency per bin� for tracks of the Points format.

A short explanation about how all these statistical functions work comes
next :

Prop. Bp coverage : This function does the investigation on just one
track. The input track is �rst divided into a certain number of bins. Then
the ratio of the number of base-pairs over the length of each bin is computed.
This function returns a vector as long as the number of bins with values are
the base-pair coverages in the bins.

#Bp overlap : This function counts the number of base-pairs where the
input track1 overlaps the input track2. The tracks are �rst divided into the
same number of bins, and then the number of overlapped base-pairs in each
bin is counted. At last, all the values in the bins are summed together. This
global value is then returned.

#Bp overlap, di� from expected : This function �rst computes the num-
ber of overlapped regions as in the previous function. But the global value is
then subtracted by the �expected� number of base-pairs when the segments
on tracks are randomly distributed, before it is returned.

Mean inside : This function is meant to compute the average value of the
Function track inside the segments on the Segments track. This is done by
dividing both tracks into bins, then computing the average function values
which are fallen into the segments in each bin, and at last computing and
returning the average of the values from all of the bins.

#Points inside : This function investigates the relation between a track
of Points format and a track of Segments format. It counts the number of
points on Points track that occur inside any of the segments on the Segments
track. The tracks are �rst divided into bins, and quali�ed points in each bin
are counted. The counted number of points in bins is summed to become
the value returned by this function.

Prop. of tr2 covered by tr1 : This function �rst computes the total num-
ber of base-pairs where track1 and track2 are overlapped, as the #Bp overlap
function does. It then calculates the ratio of this number of overlapped base-
pairs over the total number of base-pairs on track2.

Prop. of tr1-points falling inside segments of tr2 : This function counts
�rst the number of points on the Points track fallen into segments on the
Segments track, as the#Points inside does. It then calculates the proportion
of this �fallen inside� points over the total of points on the Points track.
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Relative coverage per bin : This function investigates one single track of
the type Segments. It performs exactly the work we expected from the Prop.
Bp coverage (before the test-runs were made). The track is �rst divided into
bins and then the proportion of base-pairs fallen in each bin to the total base-
pairs on the track is computed. The function returns a vector containing the
proportion of base-pairs in each bin.

Relative frequency per bin : This function does the same work as the
function Relative coverage per bin does, except that the investigating track
is of the Points format instead of the Segments format.

5.2.3 Functions carrying out the clustering.

When all necessary tracks and options are selected, the user starts the clus-
tering process by clicking on "Cluster tracks". A new task(job) will then be
initiated in the HB system and the script in clusteringTool.py will be run.
This script does actually nothing but calling again the execute() procedure
in the clusteringtool.py �le. This is the main procedure of the clustering
tool, in which all vital steps take place, from getting input data to storing
the result in �les. Here are the steps executed in the procedure :

1. Get data : Getting all the input data speci�ed by the user on the
webpage.

2. Prepare data : Calls thosefunctions appropriate to each case to create
the distance matrix or the feature matrix necessary to the clustering
method (hclust or kmeans).

3. Cluster tracks : Calls the speci�ed clustering method, which groups
the tracks into clusters.

4. Handle the result : Creates run speci�c �les in the �le system and
�ushes the result into these �les.

Get data concerns getting all the data from the webpage. The data is
speci�ed by the user, and is dependent on the clustering case. Getting these
data is not a very complicated task. All the selected tracks or options are
located in a dictionary, named params. This params dictionary acts as an
attribute of the Toolcontroller object. The keys in params are the names
of those HTML tags on the web-page, and the values connected to these
keys are the speci�c data selected by the user. Since each HTML tag has its
unique name, the keys in params are unique and the necessary data could
easily be retrieved using their unique keys. The next example demonstrates
how to get the information of a reference track number 3, together with the
appropriate analysis and 2 expansions of this reference track.
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� trackChooser for reference track number 3 has the name reftrack3, so
the track is gotten by extracting : self.params['reftrack3'], where "self"
is the pointer for the current Toolcontroller object.

� The "input" tags for writing the number of base-pair expanded up-
stream and downstream in the �rst expansion have names "3_1up"
and "3_1down". So the number of upstream base-pairs could be gotten
by self.params['3_1up'], while the number of downstream base-pairs is
gotten by self.params['3_1down']

� Number of base-pairs for the second expansion : self.params['3_2up']
and self.params['3_2down']

Prepare data concerns the construction of the distance matrix which is
subsequently used as input for clustering function. For each clustering case,
there is �rst created a data matrix in Python, then this data matrix is
converted into R, and is then used to construct the necessary distance matrix.
A pair of functions is used in each case in order to create the data matrix.
The �rst function, using the selected statistical analysis, is for extracting a
value out of a pair of tracks, and the second function constructs the data
matrix for all the tracks involved by calling the �rst function to compute the
value and order it into a matrix. The data matrix in the "direct distance"
case is di�erent from the data matrix in the two other cases. A value at
position (i,j) means the distance between track number i and track number
j. Since the distance is independent of the order of tracks, the value at (j,i)
position is the same as the value at (i,j). The matrix in this case is a square
matrix, and it is symmetric over its diagonal. A double "for loop" is used
to go through each pair of tracks to compute the distance between them, as
demonstrated in the Algorithm 3.

Algorithm 3 construct dist_m matrix for n tracks

create the nxn dist_m matrix
for i from 1 to n do
for j from 1 to n do
compute dist_m(i,j)
copy dist_m(i,j) to dist_m(j,i)

end for
end for

The data matrix created in the other two cases is not square, but rather
rectangular because the number of features is normally not the same as the
number of clustering tracks. The number of rows is the number of tracks,
and the number of columns is the number of reference tracks in the "use
reference" case, while it is the number of bins in the "self feature" case.
Each row in the data matrix now acts as a feature vector that represents a
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Algorithm 4 construct feature matrix for n tracks and m references

create the nxm feature_m matrix
for i from 1 to n do
for j from 1 to m do
feature_m(i,j) = compute_feature(track_i, track_j)

end for
end for

track. The creation of feature matrix in these two cases is a little di�erent,
because of the statistical analysis used in each case. In the "use reference"
case, the statistical analysis between a clustering track and a reference track
returns a single value, which acts as one feature of the clustering track. While
in the "self feature" case, the statistical analysis returns a feature vector for
the track involved. The detailed algorithm for the "use reference" case is
demonstrated in Algorithm 4, and Algorithm 5 demonstrates for the "self
feature case".

Algorithm 5 construct feature_m matrix for n tracks

feature_m = compute_feature_vector(track_1)
for i from 2 to n do
v_i = compute_feature_vector(track_i)
vertically stack v_i to feature_m

end for

Cluster tracks concerns calling a clustering function that carries out the
grouping of tracks based on the data prepared in the previous step. The
methods implemented in this thesis are hclust (a hierarchical method) and
kmeans (a partitional method). The reason for choosing these two methods
is that they represent two di�erent under-categories of hard clustering men-
tioned in Section 2.1, which is relevant in the context of this thesis. The
hierarchical method should be used when the user does not have any prelim-
inary knowledge about the dataset, and would try to see an overview of the
relationship between tracks in the whole dataset. The method is also well
suited for when the purpose of running this clustering tool is to discover some
information about which pair or pairs of tracks are nearest to one another.
The k-means method should �t best in those analyses in which the user has
some preliminary information about the dataset. For example, if the user
gets to know that the dataset could be divided into 5 groups, and wants to
do some experiments with each of the groups, then he or she could run this
clustering tool using the K-means method with 5 clusters prior to doing his
or her experiments. Another situation in which the K-means method should
be used is when the user has a set of data without any preliminary knowledge
and wants to see how well the dataset �ts into a certain number of clusters.
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A question could be raised here as to how many clusters a user should try
with a dataset in hand. To answer this question is beyond the scope of this
thesis, but if one is interested in this, one can refer to the master thesis of
Gro Nilsen [26]. The hclust and kmeans used in the thesis are the hierarchi-
cal and K-means method implemented in R. The hierarchical (treecluster)
and K-means (kcluster) clustering methods in the package Pycluster [10]
were also tried at an early stage of the implementation. The output of a
hierarchical clustering method in Pycluster is a data structure, which could
be visualized by a viewer program called JavaTreeView [4]. This viewer vi-
sualizes very well the dendrogram and the heatmap. But to integrate this
additional viewer onto the HB system would be a hard work. A standalone
function was also implemented in Python, which draws the dendrogram out
of the data structure that came from the output of the hierarchical cluster-
ing method in Pycluster. The dendrogram is correctly visualized but it was
not easy to show the distance between clusters in the plot. The result of
a clustering of �ve tracks using the �treecluster� method, visualized by the
standalone drawing function is shown in Figure 5.3. Because of the di�culty
of representing the clustering result as mentioned above, it was decided to
drop using these methods and switch to the corresponding ones in R. The
necessary information about the result of a clustering could be easily visu-
alized and stored using functions in R. Managing R objects or executing R
code in Python is done via the help of the Rpy package, a Python interface
to R. We �rst have to import the "r" module from Rpy, and then use it to
access R functions.

The data matrix constructed as described in Prepare data is a data struc-
ture in Python. Since the clustering methods are in R, data matrices must
be converted to corresponding data structure in R before being used in the
clustering methods. The conversion is done by using the R function "assign".

As mentioned in section 2.4.2, the hierarchical clustering needs a distance
matrix stored in a dist object, and an algorithm speci�cation to be run. The
data matrices converted into R from Python are not in dist type, but could
easily be transformed to the dist type by using an other R function. In the
"direct distance" case, the data matrix already contains the distance between
tracks, so it just needs to be rearranged to the necessary dist object. This
is done by calling the function "as.dist". In the other two cases, the data
matrices do not contain the distance between tracks, but rather the feature
vectors of tracks. These feature matrices are used to compute the distance
matrices, included in a dist object. The "dist" function in R does this job.
It takes as input a feature matrix and an option de�ning how the distance
between two feature vectors is calculated. Available options are : euclidean,
maximum, manhattan, canberra, binary, and minkowski. The hierarchical
clustering could then be started by calling, for example :
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Figure 5.3: Dendrogram of a clustering using �treecluster� in Pycluster pack-
age, visualized by the standalone drawing function.
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r("hr <- hclust(dist_object, method = "single", members = NULL)")

The method option here speci�es the clustering method using in the hier-
archical clustering. All the options for "dist" function and for hclust listed
here, are already implemented in R. To implement new option for both "dist"
and hclust is outside the context of this thesis. Therefore, just those built-in
options are used. The hierarchical clustering is summarized in Algorithm 6

Algorithm 6 hierarchical clustering

if directdistance case then
dist_object = as.dist(dist_m)
hr = hclust(dist_object, method=option, members=NULL)

else
dist_object = dist(feature_m,option)
hr = hclust(dist_object, method=option, members=NULL)

end if

When it regards K-means clustering, the kmeans function [5] takes at
least two input parameters, namely the feature matrix and the number of
clusters. Since kmeans takes a feature matrix as its starting point instead of
a distance matrix, it could not be applied in the "direct distance" case. In
other two cases, the feature matrix constructed in the Prepare data step is
directly used here after being converted into a matrix in R. And the clustering
could then be directly started as demonstrated in Algorithm 7.

Algorithm 7 k-means clustering

kc = kmeans(feature_m,#cluster, iter.max=option, nstart=option,
method=option)

Handle the result The result of a hierarchical clustering is an object of
the hclust class, which is a list of components like labels, method, order
etc, but here in this thesis, only the dendrogram and the distance between
clusters are of interest. The dendrogram, containing the distances, could be
visualized by calling the "plot" function in R. So after running the hclust

clustering, the "plot" function is called to show the resulting dendrogram,
and then save this dendrogram into an already opened png �le on the HB
system. The distance between clusters is implied in the dendrogram as the
height of the tree.

The result of a K-means clustering is stored in a kmeans object con-
taining information about the clustering, as described in Section 2.4.2. The
tracks could also be plotted as points in the multi-dimensional space. Tracks
in a same cluster will be plotted with the same color. But the plotting is not
meaningful in this thesis because of the high dimension of feature vectors
representing the tracks. It was decided, therefore not to make the plot, but
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rather to write the appropriate information about the result into a text �le,
which also is run speci�c. Names of tracks in a same cluster are written
next to one another, together with other information like the size and the
within-cluster sum of squares of that cluster.

5.3 Summary of this chapter

This chapter has gone through the setup of the front-end webpage and all the
back-end funtions working in the background to carry out the clustering. All
the selectable alternatives of each parameter are provided on the interactive
webpage, and the user just needs to select the appropriate options to use in
each speci�c clustering task. When necessary options are selected and the
clustering is initiated, some back-end functions are used to get all the options
selected by the user, prepare the necessary data for clustering, execute the
clustering, and �nally save the clustering result into �les in the �le-system.
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Chapter 6

Evaluation of the system

So far in the thesis, a complete prototype of the clustering tool has been
implemented. The tool was used to carry out the clustering of some datasets
in order to assess its performance and functionality. We �rst provide some
general information about the dataset, then about executing the clustering
of data items of that dataset, before comparing the clustering result with
some references (when there are any references available), and �naly present
a short discussion about how the clustering tool works on the dataset. All
three clustering cases will be tested with each of the two datasets. An overall
evaluation of the tool is also presented at the end of the chapter.

6.1 Clustering of retroviruses

The �rst dataset used to test this clustering tool is the dataset of virus
integration pro�les which was used in David Derse's study. In Derse's work,
the feature vector for each virus was generated by mapping the integration
sites to the human genome and computing the percentage of sites located
near some speci�c genomic features. A feature in the vector of a virus means
the percentage of integration sites �within� a certain genomic feature. The
idea of making use some genomic features on human genome as references
corresponds to the �use references� case in this tool where it makes use of a
set of reference tracks. So the result from Derse's work could be used as a
sample when evaluating the clustering of viruses using the �use references�
case. Besides this run, the other two cases available in this tool are also
tested on this set of data in order to see how the tool works. The input
dataset here is made up of the integration pro�les of viruses that contain the
positions on the human genome where the virus integrates. These pro�les are
represented as tracks of the Segments format in the HB. Viruses involved in
this test-run are : SIV, MLV, HTLV-1, HIV, FV, and ASV. Some statistical
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Virus #Bp # segments segment's length

HIV 1245091 3341 long

FV 1647054 2809 long

SIV 20267 155 medium

MLV 140175 1446 short

HTLV1 85242 606 short

ASV 62135 671 short

Table 6.1: Some statistical information about the virus tracks

Figure 6.1: Clustering of viruses taken from Derse et al. article

details about these viruses are listed in Table 6.1. The clustering of these
viruses done in Derse's study is shown in Figure 6.1.

6.1.1 �Reference-feature� case : test 1

The most interesting test could be the reconstruction of the clustering of
viruses which had been done in Derse's study because of the fact that this is
the only case where we have a result-reference, with which we can compare
the result of this test-run. We �rst selected the six virus tracks, and then
continued choosing the reference tracks. For each of the reference tracks, we
could choose to expand the track or not, and choose the statistical function
to be used. The relationship between a clustering track and a reference track
is computed by this function. We then selected the options in the �Region
& scale� �eld, and options in the �Clustering method & options� �eld. Then
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we started the clustering by clicking on the �Cluster tracks� button. The
complete list of references and other options used in this test-run is speci�ed
below :

� references :

� CpG islands

� CpG islands + 1k upstream and downstream expansions of CpG

� CpG islands + 2k upstream and downstream expansions of CpG

� CpG islands + 5k upstream and downstream expansions of CpG

� FirstEF_CpGWindow

� FirstEF_CpGWindow + 1k up and downstream expansion

� FirstEF_CpGWindow + 2k up and downstream expansion

� FirstEF_Exon

� FirstEF_Exon + 1k up and downstream expansion

� FirstEF_Exon + 2k up and downstream expansion

� FirstEF_promotor

� FirstEF_promotor + 1k up and downstream expansion

� FirstEF_promotor + 2k up and downstream expansion

� Ensembl genes

� Refseq genes

� CCDS genes

� UCSC Known genes

� The statistical investigation used between all clustering tracks and ref-
erences was �Prop. of tr1-points falling inside segments of tr2�

� Chromosome arms was used as bin, and the considering region was the
whole genome

� Euclidean distance between feature vectors

� Hierarchical clustering with average-linkage algorithm.

The statistical function used in this test is �Prop. of tr1-points falling
inside segments of tr2�, which actually works on a track of type Points and
a track of type Segments, but it could be applied for the virus tracks of the
type Segments and the reference track also in Segments format thank to an
explicit option in analysisDef which transforms the virus track to a track
of the Points format before executing the function. Using this statistical
function means that we want to cluster the viruses based on the preference
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Figure 6.2: Clustering of viruses using �reference-feature� case, 'Prop. of
tr1-points falling inside segments of tr2' statistics.

of virus's integration sites for other reference genomic features (represented
by reference tracks). The feature vector of the viruses constructed using
this statistical function re�ects the proportion of integration sites occurring
within each of the references. This is exactly the way feature vectors of
viruses were created in Derse's study. The Euclidean distance was used to
de�ne the distance between feature vectors, and the clustering method was
the average-linkage hierarchical clustering as it was used in Derse's study.
These were the reasons for that we expected to get the same result as in
Derse's study, even though the number of references used in this test-run is
much smaller. The result of this run is, as shown in Figure 6.2, a perfect
match of the result from Derse's study, except the absence of the �Random�
track. This result is a very good indication that con�rms the credibility of
the clustering tool. The colors of the rows corresponding to ASV and HTLV1
shown in Figure 6.4 illustrates that the integration rates of ASV and HTLV1
inside the references are equal or almost equal, which accordingly leads to
the small distance between these two viruses. Similarly, the various colors at
each position on the rows for FV and MLV represent the di�erent values at
each position which again represents the di�erent integration preference for
the references. And the distance between FV and MLV is therefore larger.
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Figure 6.3: Clustering of viruses using �reference-feature� case, 'Prop. of tr2
covered by tr1' statistics.

The clustering of viruses based on the same criterion, namely the inte-
gration preference of viruses for reference tracks, could also be done by using
the statistical function �Prop. of tr2 covered by tr1�. tr2 and tr1 here means
a virus track and a reference track. This function estimates the proportion
of integration sites occurring within a reference by the proportion of base-
pair on that virus track that overlaps with the reference track. The test-run
was done with all the same parameters as in the previous test-run, except
that the statistical function was �Prop. of tr2 covered by tr1� instead of
�Prop. of tr1-points falling inside segments of tr2�. The result of this test-
run, as shown in Figure 6.3 is also a perfect match to the result from Derse's
study. This con�rms the reliability of the statistical function that was used,
and the credibility of this clustering tool. It also indicates that if a similar
investigation were to be taken, it could be performed by simply selecting
appropriate options through a webpage that runs generic code, instead of
through a range of ad hoc scripts that would be the typical situation with
such investigations.
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Figure 6.4: Heatmap �gure for clustering of viruses using �reference-feature�
case, 'Prop. of tr1-points falling inside segments of tr2' statistics.

6.1.2 �Reference-feature� case : test 2

Besides the clustering of the viruses based on the criterion mentioned in
the previous test-run, it could also be interesting to study how the viruses
are clustered if other relationships between clustering tracks and reference
tracks are used. This means that a di�erent statistical function than the
two functions used in the previous test is applied to compute the features.
We have four statistical functions available for the �reference-feature� case,
and two of them were used in the previous test-run. �#Bp overlap� was
the statistical function that was chosen to be used in this test-run. The list
below shows all the parameters used in the run.

The parameters:

� references :

� CpG islands

� CpG islands + 1k upstream and downstream expansions of CpG

� CpG islands + 2k upstream and downstream expansions of CpG

� CpG islands + 5k upstream and downstream expansions of CpG

� FirstEF_CpGWindow



6.1. CLUSTERING OF RETROVIRUSES 63

� FirstEF_CpGWindow + 1k up and downstream expansion

� FirstEF_CpGWindow + 2k up and downstream expansion

� FirstEF_Exon

� FirstEF_Exon + 1k up and downstream expansion

� FirstEF_Exon + 2k up and downstream expansion

� FirstEF_promotor

� FirstEF_promotor + 1k up and downstream expansion

� FirstEF_promotor + 2k up and downstream expansion

� Ensembl genes

� Refseq genes

� CCDS genes

� UCSC Known genes

� The statistical investigation used between all clustering tracks and ref-
erences was �#Bp overlap�

� Chromosome was used as bin, and the considering region was the whole
genome

� Euclidean distance between feature vectors

� Hierarchical clustering with average-linakge algorithm.

The clustering result of this test-run is shown in Figure 6.5, and a
heatmap displaying the feature vectors of these viruses is shown in Figure 6.6.

Since this clustering was not based on the same criterion as it was in
Derse's study, we did not expect the result of this test-run to match the
result from Derse's. The dendrogram in Figure 6.5 shows that we got a
quite di�erent result. ASV and HTLV1 are clustered into one group, and
HIV and FV into another group. It should be noticed that the distance
between ASV and HTLV1 is much smaller than the distance between FV
and HIV. Does the distance correctly re�ect the similarity between ASV
and HTLV1, and the huge dissimilarity between FV and HIV or it was
just in�uenced by the raw data of the virus tracks. The statistical data
about the viruses in Table 6.1 shows that FV and HIV have a clearly higher
(about 15 times higher) basepair coverage than other viruses. This could
lead to the higher portion of overlapped basepairs between FV (or HIV)
and the reference tracks. The colors in the rows corresponding to FV and
HIV in Figure 6.6 shows di�erent overlapping pattern of HIV and FV to
the references. HIV has higher overlapping rate with references representing
genes than FV has, but contrarily, FV has higher overlapping with the other
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Figure 6.5: Clustering of viruses in �reference-feature� case, using �#Bp
overlap� statistical function

references. The distinct colors at every position verify the large Euclidean
distance between FV and HIV.

The argument above proves that using the �#Bp overlap� statistical func-
tion in clustering the viruses will not give a reliable result because the re-
lationships between the virus and the references computed by this function
are in�uenced by the base-pair coverage of the virus. The clustering result
could be more reliable if we normalize the feature vector of each virus by
dividing the vector by the base-pair coverage of the virus. The e�ect of base-
pair coverage on the number of overlapping base-pairs is ignored when the
feature vectors are normalized in this way.

6.1.3 �Direct distance� case

Parameters used in this run :

� The statistical function �Ratio of intersection vs union of segments�
and then (1-ratio) as the distance

� Bin-size : 1m (the length of bins is 1 million)

� Region : the whole genome.
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Figure 6.6: heatmap �gure for clustering of viruses in �reference-feature�
case, using �#Bp overlap� statistical function

� Clustering method : hierarchical clustering, with single-linkage algo-
rithm.

The result of this run is shown in Figure 6.7. The �gure shows that ASV
and HTLV1 are clustered in one group, FV and HIV in an other group. It
is important to remember that the �direct distance� case could be used to
discover the answer for the question/research : which viruses have similar
distribution pattern of integration sites over the whole human genome. An
evaluation is needed here to con�rm whether ASV and HTLV1, FV and HIV
really distributes similarly or whether the clustering result is merely a�ected
by other factors.

One conclusion in Derse's study states that ASV and HTLV1 integrates
without any preference for genomic features used in the study, which includes
transcription start sites, CpG islands, DNase-hypersensitive sites, genes etc,
together with some expansions of each features (69 features in total). This
conclusion means that the distribution of ASV's and HTLV1's integration
sites is spread over the human genome rather than dense near the genomic
features. And since there were so many genomic features used, the integra-
tion sites of ASV and HTLV1 could be approximately near to each other.
This fact could be the clue for the short distance between ASV and HTLV1.
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Figure 6.7: Clustering of viruses using �direct distance� case
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Another thread which could be used to explain the short distance between
FV and HIV, ASV and HTLV1 is the statistical function used to compute the
distance between viruses. It shows in Table 6.1 that FV and HIV have the
largest base-pair coverage, but even the coverage of 1647054 base-pairs is just
a small fraction of the length of the genome. It could therefore be expected
that the overlapped part of every pair of tracks is signi�cantly small, and
relatively equal to each other, while the union of two tracks is approximately
the sum of the base-pairs that the tracks contain. This leads to the fact
that the ratio of intersection over union depends mostly on the union of
tracks. Two tracks with larger base-pair coverage will have a smaller ratio,
and therefore a longer distance. It turns out to be very simple to explain the
distance between the pairs FV-HIV and ASV-HTLV1 using this fact. Indeed,
both ASV and HTLV1 have small base-pairs coverage, which means that the
union of these tracks is small. Small value of union leads to large value of
the ratio of intersection over union. And the larger this ratio is, the smaller
the distance between tracks becomes because the distance is calculated by 1
minus the ratio. Similarly, FV and HIV have large base-pair coverage, which
gives a large union, thereby giving a small ratio and �nally a large distance
between FV and HIV.

The distance between tracks computed using this statistical function does
not re�ect the similar distributions of integration sites since the distance is
in�uenced by the base-pair coverage of the tracks involved. This means that
the statistical function used in this test is not suitable for the clustering of
viruses, and the clustering result shown in Figure 6.7 is not reliable.

6.1.4 �Self feature� case

The parameters used in this run :

� statistical function : Relative coverage per bin.

� bin-size : Chromosome.

� region : The whole genome.

� clustering method : Hierarchical clustering, with average-linkage algo-
rithm.

� distance between feature vectors : Euclidean distance.

The feature vector for each virus was created by the statistical function
�Relative coverage per bin�. The fact that the clustering result of the test-run
using �reference-feature� matches the result from Derse's study con�rms that
the proportion of integration sites within a region could be approximately
estimated by the proportion of base-pairs occurring in that region. Similarly,
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Figure 6.8: Clustering of viruses using �self feature� case

the proportion of base-pairs in each chromosome could approximately rep-
resent the proportion of virus integration sites in the corresponding chromo-
some. Accordingly, the feature vectors created using the function �Relative
coverage per bin� re�ect the distribution of integration sites in chromosomes.
So this clustering is a typical example for the case described in Chapter 3
in which the question/research of interest is to �nd out which viruses have
similar integration pattern over regions on the human genome. The regions
of interest in this run are chromosomes. The result of this clustering is shown
in Figure 6.8, and a heatmap displaying the feature vectors is shown in Fig-
ure 6.9. The numbering from 1 to 24 on the heatmap �gure indicates the
chromosomes.

The various colors in every column,except the last column, in the heatmap
�gure convey that the viruses have di�erent distribution of integration sites
in each chromosome. However, the low color contrast shows that the di�er-
ence of value in the feature vectors is small. The colors on rows for HIV and
MLV are similar at many positions (for example at chromosome 13, 14, 20,
21, 23, 24), which indicates the small distance between HIV and MLV. These
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Figure 6.9: Heatmap �gure for clustering of viruses using �self feature� case

two viruses are in fact clustered into a group, as shown in the result �gure.
The distribution of integration sites of HIV in chromosomes is most similar
to the distribution of MLV, while the distribution of ASV is most similar to
FV. The clustering of ASV and FV into the same group also con�rms that
the base-pair coverage of viruses does not have any in�uence on the feature
vectors. So the clustering result is reliable.

6.1.5 Discussing the results

Throughout the test-runs on the virus dataset using all the three clustering
cases, one could see that the statistical function used in the clustering has
a great in�uence on the result. The clustering in the �direct distance� case
did not give reliable results because the statistical function used in this case
did not work well. The returned value of this function does not re�ect the
expected biological investigation, but is rather a�ected by the raw data rep-
resenting the viruses. A good statistical function should return a value which
correctly re�ects the biological relationship between the tracks involved. The
�#Bp overlap� function did not �t well for the clustering of the virus dataset.
The number of overlapped base-pairs between a virus and a reference track
should be normalized in order to ignore the e�ect of the base-pair coverage
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Figure 6.10: Clustering of viruses using �self feature� case, single-linkage
hierarchical algorithm.

of the virus track. The successful reconstruction of the clustering done in
Derse's study indicates the credibility of the clustering tool. This result also
veri�ed the credibility of the statistical function used in the �self-reference�
case, and the clustering result. When the appropriate statistical function,
which correctly re�ects the expected biological investigation between tracks
is used, the clustering result is very reliable. So choosing the suitable statis-
tical function, based on what the user wishes to investigate, from among the
suggested functions is an essential step in using this clustering tool. This
also emphasizes the importance of developing statistical functions that are
relevant for investigations in the biological context, and the importance of
good documentation for these functions.

Beside the important role of the statistical function, the selection of other
parameters has also an impact on the clustering result. Changing the value
of a certain parameter in a clustering could lead to a quite di�erent result.
Figure 6.10 shows the clustering of viruses, using almost the same parameters
as in the test-run described in Section 6.1.4. The only variation here was
that the single-linkage clustering algorithm was used instead of the average-
linkage algorithm. As we can see, the result here is not the same as the one
shown in Figure 6.8.
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track name #Bp # genes

Ensembl 1157628053 28286

Refseq 1090478875 17633

UCSC Known genes 1290356217 20829

H-Inv cluster 1354671259 21992

H-Inv Transcript 981746297 19633

Hinxton Coverage 1307212213 28908

NScan 1296824225 20009

GeneID 1170153712 32715

CCDS 799716928 16613

Vega 954512135 14762

Table 6.2: Some statistical information about the gene tracks

6.2 Clustering of gene-tracks

Genes annotation tracks is another dataset used to test the functionality of
the clustering tool. There are di�erent representations of genes on the human
genome that are available in the HB system. These tracks have been made
at di�erent institutes by di�erent methods. The content of the tracks may
also be variable. One track could contain the already known genes, while an-
other track could contain both the known genes and those segments which
are suggested to be new genes. Most of the tracks are of the �Unmarked
segments� format, but there also are tracks in �Marked segments� format.
These tracks include : CCDS, Ensembl, GeneID, H-inv Cluster, H-inv Tran-
script, Hinxton Coverage, NScan, Refseq, UCSC Known Genes, Vega Known
Genes. Only the �direct distance� and the �self reference� cases were applied
in clustering this dataset. The reason for not using the �reference-feature�
case is that the position of almost all of the other genomic features on the
genome is speci�ed using genes as their reference, so it is not a good idea to
use again other genomic features as references for genes.

6.2.1 Direct distance case, hierarchical clustering

The purpose of this test-run is to discover which representations of genes
have similar distribution patterns over the genome. The distance between
every two gene-tracks is estimated directly from the raw data on the tracks.
The parameters involved in the test-run are listed below :

� statistical function : 1 - ratio of intersection over union of segments

� bin-size : 10m base-pairs

� region : The whole genome.
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Figure 6.11: Clustering of di�erent representations of genes using �direct
distance� case

� clustering method : Hierarchical clustering, with average-linakge algo-
rithm.

The statistical function used to compute the direct distance between
tracks turned out to be not very suitable in the clustering of viruses because
of the low base-pair coverage of virus tracks, but this function could work
well for the genes dataset because the number of segments (genes), the length
of segments and the base-pair coverage of this dataset is quite di�erent from
the virus dataset. A track of genes contains many more segments, and has
a much higher base-pair coverage. The base-pair coverage and the number
of genes on some of the gene-tracks is shown in Table 6.2. We can see that
every track covers over one billion base-pairs, which means over one third
the length of the genome. The probability for intersection of segments on
two tracks is higher now, unlike it was with the viruses, and the intersection
could now fairly represent the near occurrence of segments on the tracks. So
the statistical function here could reliably re�ect the similar distribution of
segments on two tracks. The result of this clustering is shown in Figure 6.11.
Another run was conducted using the same parameters as in this run, with
the only exception being that the bin-size is a chromosome arm instead of
10 million base-pairs. The result of that run is shown in Figure 6.12 which
is identical with the result of the previous run. A third run with the bin-size
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Figure 6.12: Clustering of di�erent representations of genes using �direct
distance� case,chromosome arms as bins

as 30 million base-pairs gave the same clustering result. This means that the
distance between two tracks is not very a�ected by the length of bin-size.
Since the statistical function uses less time to compute the distance when
the bin-size is higher, the chromosome arms should be chosen by the user.

The result in Figure 6.11 or in Figure 6.12 shows that the representation
of genes in �H-Inv cluster� is most similar to the representation in �UCSC
Known genes�, with the intersection of tracks �H-Inv cluster� and �UCSC
Known genes� is about 90% of the union of these two tracks. Similarly, the
representation of genes in �Ensembl� is most similar to the representation in
�Refseq�.

6.2.2 �self feature� case, hierarchical clustering

Parameters used in this test-run :

� statistical function : �Relative coverage per bin�.

� bin-size : Chromosome.

� region : The whole genome.
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Figure 6.13: Clustering of di�erent representations of genes using �self fea-
ture� case, chromosomes as bins

� clustering method : Hierarchical clustering, with average-linkage algo-
rithm.

� distance between feature vectors : Euclidean distance.

The purpose of this test-run is to see how the clustering tool cluster the
genes dataset based on the distribution of genes in chromosomes. The tracks
that contain similar distribution patterns should be clustered into the same
group. The proportion of genes in a certain chromosome is approximately
measured by the proportion of the base-pairs fallen into that chromosome.
Figure 6.14 shows the heatmap of feature vectors for the representations of
genes involved in this test-run, and the result of the test-run is shown in
Figure 6.13. The numbering from 1 to 24 in the heatmap �gure indicates
the chromosomes. The heatmap shows that there are only small variations
among di�erent representations of genes regarding the distribution of genes
in chromosomes. The colors in the row for �Vega� are mostly in contrast to
other rows, which means the longer distance from �Vega� to the other tracks.
According to the result of this test-run, �H-inv cluster� and �UCSC Known
Genes� share the most similar distribution of genes in chromosomes. Al-
though no information from other sources was found to con�rm the credibil-
ity of this result, the result is nonetheless considered to be reliable because of
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Figure 6.14: Heatmap �gure for clustering of di�erent representations of
genes using �self feature� case, chromosomes as bins

the reliability veri�ed in the clustering of viruses, con�rms that the percent-
age of base-pairs in chromosomes could be used to represent the proportion
of genes in corresponding chromosomes.

Another test-run was conducted with �self feature� case, using the same
parameters as in the previous run except with a bin-size of 30 million base-
pairs instead of chromosome. The result of this run is shown in Figure 6.15.
The clustering result of this test-run is not the same as the result from the
previous test. The �rst di�erence is that �Ensembl� and �Refseq� was �rst
clustered into a group before this groups was nested to a bigger group. The
second di�erence is that the distance between �Vega� and the rest of the
dataset is 0.05, two times smaller than that distance in the previous test.
The �rst di�erence means that genes on two tracks are found at di�erent
positions inside a chromosome even though the two tracks have the same
number of genes in that chromosome. The second di�erence may not contain
any meaning, and is just a�ected by the �ner dividing of the tracks (smaller
bins). The most important fact here is that clustering using di�erent bin-size
could give di�erent results, and which length of bins to be used depends on
what the user would like to examine.
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Figure 6.15: Clustering of di�erent representations of genes using �self fea-
ture� case, binsize 30m

6.2.3 �self feature� case, K-means clustering

The hierarchical clustering method was employed in all the test-runs that
have been done so far. This test-run, using K-means method, was meant to
check whether the result of a K-means clustering of a dataset is consistent
with the clustering of that dataset using hierarchical method, and also show
how the result of a K-means clustering is stored in this clustering system.
The parameters that were used in this test-run :

� statistical function : �Relative coverage per bin�.

� bin-size : Chromosome.

� region : The whole genome.

� clustering method : K-means clustering, with Hartigan-Wong algo-
rithm.

� number of clusters : 2

Due to the fact that the result of a K-means clustering is dependent on
starting centroids of the clusters, which are randomly selected, the test-run
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Cluster 1(1 objects) Vega

Sum of square error for this cluster is 0.0

Cluster 2(9 objects)

NScan
H-Inv Transcript
H-Inv Cluster

Hinxton Coverage
UCSC Known Genes

Ensembl
CCDS
Refseq
GeneID

Sum of square error for this cluster is : 0.00134360951518

Table 6.3: The result of genes-tracks using K-means clustering, 1. run

Cluster 1(9 objects)

NScan
H-Inv Transcript
H-Inv Cluster

Hinxton Coverage
UCSC Known Genes

Ensembl
CCDS
Refseq
GeneID

Sum of square error for this cluster is : 0.00134360951518

Cluster 2(1 objects) Vega

Sum of square error for this cluster is 0.0

Table 6.4: The result of genes-tracks using K-means clustering, 2. run

was executed two times, using the same parameters. The results of the runs
are shown in Table 6.3 and 6.4

The results of clustering using K-means method are actually stored as
text �les in the �le system. They are shown here in tables, only for the
clearer demonstration's sake. Except the order of clusters, the tracks were
clustered into the same groups in both runs. The fact that there is only
�Vega� clustered into its own group, means that the distance between �Vega�
and the rest of the dataset is larger than the distance of any other pairs of
tracks. This is con�rmed by the result from the test-run in Section 6.2.2.
The result from this test-run, together with the result from the test-run in
Section 6.2.2 verify the consistency, and strengthen the credibility of the
clustering tool.
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6.2.4 Discussing the results

Regarding the clustering of representations of genes at di�erent systems, the
� 1 - ratio of intersection over union� statistical function fairly estimates the
distance between tracks since the raw data of gene-tracks are quite di�erent
from the raw data of viruses. The positive e�ect is that the value computed
by this function is no longer dependent on the raw data, but rather re�ects
the distance between tracks. So the clustering results could be considered as
reliable results, even though no reference sample was found to compare the
result with and with which to do a more detailed examination. Clustering
the gene-tracks using �self feature� case shows that the distribution of genes
on two tracks could be quite di�erent when the under-considered bin-size
is changed. So how large bin-size the user should choose depends on the
investigation the user is interested in. The clustering result is also considered
as reliable based on the reliability of representing the proportion of genes in
a region by the proportion of base-pairs in that region.

6.3 Overall evaluation of the clustering tool

The test-runs described in Sections 6.1 and 6.2 were used to test the overall
performance of the clustering tool. Some tests of the back-end functions
should also be done. It was decided, however, not to make the functionality
tests for two reasons. The �rst reason is that the well matched result of the
clustering of viruses to the result from Derse's study con�rms simultaneously
that the back-end functions work correctly. Some statistical functions from
the HB are used to compute the relationship between tracks, but the test of
the functionality of these functions is out of the context of this thesis.

The clustering tool works stable, no crash was registered when running
the test-runs. The clustering result is reliable when the chosen statistical
function correctly re�ects the biological investigation. However, using an
inappropriate statistical function in a speci�c situation could lead to an
unreliable result, as it was the case when �#Bp coverage� was used in the
clustering of viruses. So, choosing appropriate statistical function to use
in a speci�c situation is critical. In addition, all of the other options on
the tool should also be reasonably chosen by the user based on his or her
pre-knowledge about the dataset or the investigation the user would like to
perform. In other words, the clustering system just provides a generical way
to carry out clustering of tracks, with many selectable alternatives of various
parameters. The user of this tool should select suitable parameters for each
speci�c clustering task, rather than just use �default� choices for di�erent
clusterings.

The mechanism for selecting the clustering tracks and reference tracks
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should be improved since it is not very comfortable repeating the track se-
lection when the number of tracks involved in the clustering is large.
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Chapter 7

Summary and Future works

The development of a �exible, customizable clustering system has been pre-
sented throughout this thesis. This �nal chapter, will �rst provide a summary
of the work which has been done and also a self assessment of how well the
research problem was solved, then suggest potential further improvements.

7.1 Summary and Self assessment

In this thesis, starting with the motivations and initial framework from the
HB, four fundamentally di�erent possibilities were explored for clustering
the genome annotation tracks available within the HB system. The result
of the thesis is not only a set of theoretical results, wherein the theoretical
properties of each clustering possibility and the di�erence between them was
thorouhly discussed (Chapter 4), but also a complete implementation of a
clustering tool which can be used to carry out practical clusterings. This
tool has also been tested with two datasets available in the HB (virus inte-
gration pro�les, and tracks representing genes on the human genome). The
successful reconstruction of the clustering of viruses con�rms the credibility
of the clustering tool. It has also been proved, via the tests, that some of
the statistical functions are not appropriate for use in a speci�c task, but are
really appropriate in other tasks. For example, the �1 - ratio of intersection
over union� does not work well when being used to estimate the direct dis-
tance between virus integration pro�les, but this function works quite well
when applied to the �gene representation� dataset, which consists of higher
base-pair coverage, and more segments. One conclusion, therefore, is that a
certain statistical function could work well in clustering of one dataset and
the same function could work badly in clustering of another dataset. Which
function to be used in a speci�c clustering situation is an important ques-
tion, and the user should have a decent understanding of all the statistical
functions suggested in the tool in order to select the most suitable function.



82 CHAPTER 7. SUMMARY AND FUTURE WORKS

Besides the un�nished implementation of the clustering of regions on
a single track, the clustering tool provides three di�erent clustering possi-
bilities, together with many selectable options for track expansion, distance
de�nition between feature vectors, algorithms for hierarchical clustering, etc.
The users of this tool have a wide range of options to customize a clustering,
adapting for the investigations they would like to examine. Although there
are still some limitations that need further improvement, described in Sec-
tion 7.2, the studying problem of the thesis was considered to be very well
solved by the development of the clustering system.

The clustering system was implemented on top of the HyperBrowser sys-
tem, making use of the data representation of genomic information (genome
annotation tracks), and the statistical analyses of such data representation.
But this tool is not limited only to the HyperBrowser system, it can also be
integrated onto any other system that provides appropriate data representa-
tion and a set of analyses working on the data.

7.2 Potential improvements

During the period of this master thesis, I have gained better understandings
about the clustering tool and its functionalities. Due to the time constraint,
there are potential improvements for those who are interested in the project
continuing :

� A more e�ective mechanism for selecting clustering tracks

� A �lter mechanism, which aids the �trackChooser� in �ltering out all
tracks that are not in the same format as the �rst chosen track. This
assures that all selected clustering tracks are in one and the same for-
mat.

� There should be more relevant statistical functions in FeatureCatalog.

� There should be documentation/explanation for each of the functions
so that the user understands which one should be chosen for use in
particular cases.

� Finish implementing the region-clustering case.
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Appendix A

Source code

The source code of the clustering tool can be found within the code of the
HyperBrowser system (�les : clusteringtool.mako, clusteringtool.py, Feature-
Catalog.py).

The website's address of the clustering system, and the source code are
also speci�ed on the wiki page of the thesis, at
http://insilico.titan.uio.no/wiki/hyperbrowser/doku.php/
master:�exible_clustering_of_genome_annotation_tracks


