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Abstract

Today, scientists in various biomedical fields rely on biological data sources
in their research. Large amounts of information concerning, for instance,
genes, proteins and diseases are publicly available on the internet, and are
used daily for acquiring knowledge. Typically, biological data is spread
across multiple sources, which has led to heterogeneity and redundancy.

The current thesis suggests grouping as one way of computationally
managing biological data. A conceptual model for this purpose is presented,
which takes properties specific for biological data into account. The model
defines sub-tasks and key issues where multiple solutions are possible, and
describes what approaches for these that have been used in earlier work.
Further, an implementation of this model is described, as well as test cases
which show that the model is indeed useful.

Since the use of ontologies is relatively new in the management of bi-
ological data, the main focus of the thesis is on how semantic similarity
of ontological annotations can be used for grouping. The results of the
test cases show for example that the implementation of the model, using
Gene Ontology, is capable of producing groups of data entries with similar
molecular functions.
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“You were sleeping! You’ve slept too long -
we all have. It’s time we woke.”

– Robin of Sherwood

1
Introduction

Available on the internet today is an enormous amount of biolog-
ical information. Data about genes, gene products (proteins), protein

families etc. can be accessed and downloaded via services such as SRS1

or Entrez2 and can be used by scientists to answer a variety of biological
questions.

This text, which was written as a Master Thesis in Bioinformatics,
aims to present one method of managing such biological data. In this
chapter the need of a generic model for grouping biological data is explained
(section 1.1). The goals of this work are then stated (section 1.2), followed
by a short description of the disposition of the thesis (section 1.3).

1http://srs.ebi.ac.uk
2http://www.ncbi.nlm.nih.gov/Entrez/
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2 1.1. Motivation

1.1 Motivation

Scientists in various biological fields use biological data sources in their re-
search. The fact that the amount of available biological information is huge
is not always an advantage, however. For example, getting an overview of
all proteins involved in one biological area can be difficult as the user might
drown in irrelevant information. Also, the biological information available
on the internet is spread across a large number of autonomous data sources
that use different ways of representing information. For example, the infor-
mation about the functions of a protein might be stored as keywords in one
data source and as ontological annotations in another. As a result, datasets
downloaded via for example SRS (which retrieves data from multiple data
sources simultaneously) are often heterogeneous (the data is modelled in
different ways) and redundant (the same physical object is modelled in
multiple data entries). Acquiring knowledge from such a heterogeneous
and redundant dataset can be a tiresome and time-consuming task.

It is suggested in this research that one way of alleviating problems
like these is to use grouping. For example, a user could get an overview of
a dataset of proteins by creating groups of entries with similar functions,
and redundant information in that dataset could be dealt with by making
groups of proteins with similar or identical amino acid sequences. The
distribution of genes between the chromosomes could be found by grouping
the data entries on chromosome number, and proteins could be divided
according to their sizes by making groups of proteins with similar number
of amino acids.

In section 1.2 the goals of how grouping of biological data is to be studied
are outlined and described.
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1.2 Problem Definition

The objectives of this research are to:

• Conceptually describe a model for grouping biological data. The
model is to be generic in order for lots of different grouping tasks
to be possible, and should be able to cope with heterogeneous data.
Sub-tasks where different approaches are possible are to be described.

• Implement the model and verify that it can be used for one or more
typical biological grouping tasks. What insights about data or group-
ing approaches can be gained?

1.3 Thesis Disposition

The thesis is organised as follows.

Chapter 2. Some background information about biological data sources
and ontologies is given. A few basic biological concepts are described.

Chapter 3. The conceptual model for grouping biological data is pre-
sented.

Chapter 4. The implementation of the model is described. At some sub-
tasks, multiple implementations are described.

Chapter 5. A number of test cases that aimed to try how well the model
worked are described. A number of observations are made from these
test cases.

Chapter 6. The results and observations from chapter 5 are commented
and discussed. Suggested improvements and how the grouping of
biological data can be further studied are outlined.
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“Rose is a rose is a rose.”

– Gertrude Stein

2
Background

In this chapter some of the concepts used later in the thesis are briefly
described. In section 2.1 some basic biological concepts are explained.

Section 2.2 describes some typical properties of biological data sources and
gives an example of a typical data entry, modelling a protein. Finally,
section 2.3 explains what an ontology is, and presents one of the major
biological ontologies, namely the Gene Ontology.

2.1 Biological Concepts

To aid the understanding of what kind of information can be found in typi-
cal biological data sources, this section describes a few biological concepts.
To a large extent, this information has been compiled using [Berg et al.,
2002] as reference.

5



6 2.1. Biological Concepts

2.1.1 Proteins

One of the most important classes of molecules in biology is the protein
class. The importance of proteins is due to the fact that they participate
in practically all biological processes in all living organisms. Proteins have
a great variety of functions, and are found to be catalysts, transporters,
supporters, immune protectors, signal transmitters, motors and more. A
protein can interact with another protein, for example to activate or deac-
tivate it. The biological properties of a living cell are determined by which
proteins it has.

A protein is built as a linear polymer of amino acids. The order of the
amino acids (the amino acid sequence) determines the three-dimensional
structure that the protein will fold into which, in turn, determines the
characteristics and properties of the protein. Naturally occurring proteins
have sequences of between 50 and 2000 amino acids, where each amino acid
is one of the 20 amino acids listed in table 2.1.

The amino acid sequence of a protein is usually denoted as a sequence
of the 3-letter abbreviations divided by hyphens, or as a sequence of the
1-letter abbreviations. For example, the beginning of the protein Pyru-
vate dehydrogenase is met-arg-lys-met-leu-ala-ala-val-ser-arg. . . , or simply
MRKMLAAVSR. . . .

2.1.2 Enzymes

As mentioned in section 2.1.1, proteins have a huge variety of functions
and tasks in living cells. One class of such tasks is to catalyze chemical
reactions, that is, to serve as enzymes.

An enzyme is, in other words, a chemical catalyst that increases the
rate by which a chemical reaction occurs. The increase of the rate is often
enormous. For example, in the absence of enzymes, the rate of the reaction
CO2 + H2O 
 H2CO3 is about 1 molecule every 10th second, but when
the enzyme Carbonic anhydrase is present, the rate is 106 molecules per
second. Reactions that are normally too slow to be used in a biological
system are in this way made possible by enzymes.

An enzyme is usually very specific of the reaction it catalyzes. In fact,
the most informative description of an enzyme is its catalytic activity, that
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Amino acid Abbreviation
3-letter 1-letter

Alanine ala A
Arginine arg R

Asparagine asn N
Aspartic acid asp D

Cysteine cys C
Glutamic acid glu E

Glutamine gln Q
Glycine gly G
Histidine his H
Isoleucine ile I
Leucine leu L
Lysine lys K

Methionine met M
Phenylalanine phe F

Proline pro P
Serine ser S

Threonine thr T
Tryptophan trp W

Tyrosine tyr Y
Valine val V

Table 2.1: The 20 amino acids and their abbreviations. [Berg et al., 2002]

is, the reaction it catalyzes. The name of an enzyme (which almost always
ends with -ase) normally corresponds with its catalytic activity.

Isozymes are enzymes which catalyze the same reaction, but have dif-
ferent amino acid sequences. Due to the difference in sequences, isozymes
can differ in kinetic properties, be regulated differently, and can be ex-
pressed in different quantities in tissues. For example, the enzyme Lactate
dehydrogenase is built by two isozymic polypeptide chains: H and M. The
H isozyme functions optimally in aerobic environments and is expressed
highly in the heart, while the M isozyme works under anaerobic conditions
and is expressed highly in skeletal muscle.
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2.1.3 Genes

Section 2.1.1 describes how proteins are built as polymers of amino acids.
What decides the amino acid sequences of proteins?

The answer to this question is genes. In each living cell, the genetic
information is stored in the form of deoxyribonucleic acid, or DNA. The
DNA molecule is a gigantic molecule in the shape of a double helix. The
two strands of the helix are chains of nucleotides, consisting of sugar, phos-
phate and bases. Each base can either be adenine (a), cytosine (c), guanine
(g) or thymine (t). The order of the bases in the DNA molecule constitutes
the genetic information, which is used to build proteins. A gene is a seg-
ment of the DNA molecule that gets transcribed (copied) into a messenger
ribonucleic acid (mRNA) molecule. mRNA consists of a single chain of
nucleotides with bases like those of DNA, but with uracile (u) instead of
thymine. The mRNA molecule is then used to build a protein in a process
called translation. During translation, mRNA is read three nucleotides at
a time. Each triplet (called codon) corresponds to one amino acid (but one
amino acid can be coded by many codons). For example, since the mRNA
codons“aug”and“cgu”correspond to Methionine and Arginine respectively,
an mRNA molecule having a nucleotide sequence of “augcguaug. . . ” would
be translated into a protein with amino acid sequence met-arg-met. . .

In other words, (in its simplest form1), a gene determines the amino acid
sequence of a protein, which in turn determines the structure and function
of that protein.

2.2 Biological Data Sources

Throughout this thesis, a data bank or database is used to refer to a data
repository, without regard to how data is retrieved from it. A data source
refers to one or more databases, plus the data retrieval system connected to
them. When information is downloaded from a data source, the information
is referred to as a dataset, consisting of one or many data entries.

1The description of transcription and translation in this section is simplified, and the
explicit definition of the gene concept is more difficult than described here.
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In the list below are short descriptions of some of the most common
biological databases and data sources listed. The information has been
gathered from SRS (described in the list below) March 2006.

EMBL is a database of nucleotide sequences, maintained and distributed
by the European Bioinformatics Institute (EBI). Most of the se-
quences in this database are direct submissions from individual re-
searchers, genome sequencing projects and patent applications. EMBL
can be found at http://www.ebi.ac.uk/embl/.

UniProtKB/Swiss-Prot is a database of gene products (proteins), con-
sisting of 212425 data entries as of March 20, 2006. The data in this
database is either derived from DNA sequences in EMBL, adapted
from the Protein Information Resource (PIR), extracted from liter-
ature or directly submitted by researchers. The database, which is
maintained collaboratively by EBI and SIB (Swiss Institute for Bioin-
formatics) can be found at http://www.expasy.org/sprot/.

RefSeq is a database of both nucleotide sequences and proteins and aims
to be comprehensive, integrated and non-redundant. It is maintained
by NCBI (National Center for Biotechnology Information) and can
be found at http://www.ncbi.nlm.nih.gov/RefSeq/.

MEDLINE is a bibliographic database which contains abstracts from
more than 4800 journals in a variety of fields such as for example
medicine, nursing and preclinical studies. It contains more than 12
million citations from articles published since the 1960s. MEDLINE
(and a few other smaller bibliographic libraries) is accessed via the
PubMed service, which is maintained by NCBI and can be found at
http://pubmed.gov/.

SRS stands for Sequence Retrieval System and is an integrated data re-
trieval system that provides simultaneous access to a large number
of databases, including all databases listed above. Apart from pro-
viding this access, SRS also has a number of applications for se-
quence analysis. SRS, which is maintained by EBI, can be found
at http://srs.ebi.ac.uk/.

http://www.ebi.ac.uk/embl/
http://www.expasy.org/sprot/
http://www.ncbi.nlm.nih.gov/RefSeq/
http://pubmed.gov/
http://srs.ebi.ac.uk/
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Entrez, like SRS, is an integrated data retrieval system. It provides access
to a large number of different databases, for example the ones listed
above. It is maintained by NCBI and can be found at http://www.
ncbi.nlm.nih.gov/Entrez/.

Data retrieved from biological data sources are typically stored as text
files, in different formats. Often, each database has its own format. Among
the more common are for example the FASTA, GenPept and SwissProt
formats. There are also some XML formats, for example INSDSeq and
UniProtXML. The two important integrated retrieval systems SRS and
Entrez have tools for viewing entries in different formats.

Figure 2.1 shows a typical data entry modelling one protein (Pyru-
vate dehydrogenase) in the GenPept format. The information is divided
into different attributes and values to each attribute, except the attribute
“FEATURES” which is further divided into different sub-attributes before
the values appear. In order to make it easier to refer to the most important
attributes and sub-attributes2 figure 2.1 has (on its right side) listed new
names for attributes and sub-attributes. In the rest of this thesis, these
attribute names will be used instead of GenPept’s (or any other format’s)
attribute names, and they will be denoted in small uppercase letters, like
Attribute Name.

Listed below are short descriptions of these attributes.

• Length holds the number of amino acids in the sequence of a protein.

• Definition is an attribute that textually describes a protein. It com-
bines information about protein name, synonymous names, isozyme
indicator and organism name.

• Accession is the identifier of an entry (primary key when using
database terminology), usually a string of around 10 characters. Two
data entries can not have identical accession numbers.

• Keywords holds a list of short words meant to describe a protein.
The keywords can for example explain what function a protein has,

2. . . and to provide better attribute names! It is the opinion of the author that,
for example, Gene Ontology annotations should be found in an attribute called GO
Annotations rather than “CDS -> /note”.

http://www.ncbi.nlm.nih.gov/Entrez/
http://www.ncbi.nlm.nih.gov/Entrez/
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what process it is involved in, which cellular components the protein
is expressed in and what diseases are coupled to it.

• Organism holds the name of the organism, in Latin.

• References lists all journal articles that can provide more informa-
tion about the protein.

• Locus shows the chromosomal location of a gene. If the data entry
is a protein, Locus shows the chromosomal location of the gene from
which the protein was translated.

• Product is an attribute that holds the name of the gene product
and, in some cases, stores the isozyme indicator, in a less complex
way compared to Definition.

• EC Number displays the Enzyme Commission Number3 of the pro-
tein, if it is an enzyme.

• GO Annotations lists all the Gene Ontology terms that a protein
has been annotated with.

• Sequence displays the 1-letter abbreviated amino acid sequence of
a protein.

Note that data entries might, of course, have more attributes than the
ones listed here.

2.3 Ontologies

An ontology, in computer science, defines terms and concepts of an area, as
well as relationships between terms. An ontology can also define rules for
combining terms and relations [Lambrix, 2004]. In the rest of the thesis,
ontological terms are denoted term name and relations relation.

For example, a television ontology could explain the terms TV show and
news program, and state that news program is a TV show.

3The Enzyme Commission Number is a classification scheme for enzymes. Each
number correlates with the catalyzation of one specific reaction.
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Other relations than the is a relation can be used. If it is used, the
ontology can be considered to be a taxonomy, where a concept can have
sub concepts. In the example above, news program was a sub concept to
TV show. Another example is in the Beer Ontology4, where both Ale and
Porter are sub concepts of TopFermentedBeers. If concept A is direct sub
concept to B, A can also be said to be a child to B.

An ontology using only is a relations can be seen as a directed graph
G = (V,E) where the vertices V are the terms and the directed edges E are
the relations. The graph of an ontology is acyclic5, that is, terms can not be
children (or grandchildren, or grandgranchildren etc.) to themselves. The
poetic words “Rose is a rose is a rose”by Gertrude Stein in the beginning of
this chapter would for example not be possible to encompass in an ontology,
since the term Rose would not be allowed to be a sub term of itself. Note
that although ontologies are normally directed acyclic graphs (DAGs) they
are not necessarily trees since a term might be sub term to multiple terms.

Gene Ontology

The Gene Ontology project began in 1998 as a collaboration between the
three biological databases FlyBase6, Saccharomyces Genome Database7

and Mouse Genome Database8, which needed to use a controlled vocab-
ulary for synchronizing the descriptions of gene products. The ontological
approach was used for this purpose and was constructed by the Gene On-
tology Consortium. Since then, Gene Ontology (abbreviated GO) has been
used to annotate many more databases than the three mentioned above.
As of March 29, 2006, GO contained 19635 terms. [Ashburner et al., 2000]

Gene Ontology is divided into three disjoint namespaces, where each
namespace can be seen as an ontology of its own. The three namespaces
are:

4http://www.dayf.de/2004/owl/beer.owl
5A graph with no cycles is acyclic, where a cycle is a path that leads back to the

vertex it started from.
6http://flybase.bio.indiana.edu/
7http://www.yeastgenome.org/
8http://www.informatics.jax.org/

http://www.dayf.de/2004/owl/beer.owl
http://flybase.bio.indiana.edu/
http://www.yeastgenome.org/
http://www.informatics.jax.org/
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Molecular Function, which consists of terms related to specific functions
of proteins or other molecules, for example catalytic activity,
transporter activity and binding.

Biological Process contains terms related to series of biological events by
several molecular functions. For example, glycolysis and citrate
metabolism.

Cellular Component contains the names of structures, compartments
etc. of cells, for example microfibril and chloroplast.

The relations in GO are is a and part of. For example, the term mi-
tochondrial chromosome is a chromosome and also part of mitochon-
drial nucleoid. At the Gene Ontology Consortium’s web page http:
//www.geneontology.org the Gene Ontology can be downloaded as a text
file in various formats (for example XML) or as a mySQL database.

http://www.geneontology.org
http://www.geneontology.org
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Figure 2.1: A typical biological text file data entry (excerpt) of a protein in the
GenPept format, with new attribute names.



No hay banda! There is no band. It is all an
illusion . . .

– At the club Silencio, in Mulholland Drive

3
Model for Grouping Biological Data

This chapter describes a conceptual model for grouping biological
data. An overview of the model, and the made assumptions, can be

found in section 3.1, while the sections 3.2, 3.3, 3.4 and 3.5 describe the
model more closely. A summary is given in section 3.6.

3.1 Overview

Grouping biological data is not a trivial task. As mentioned in section 1.1,
typical biological data sources offer a variety of difficulties. This chapter
aims to present an approach for grouping of biological data, and can be
seen as a framework or a guide when a biological data grouping system
is to be constructed. After defining a general approach for the grouping
task, the chapter identifies certain sub-tasks where multiple solutions could
be appropriate, and questions that need to be answered. The focus is on
issues that are specific for grouping in a biological setting. Whereas most

15
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research papers on the topic of biological data grouping typically has one,
or a few, intended uses each, this model intends to be more generic, and lets
the user decide by what aspects groups are organised. For example, both
grouping on the molecular function of proteins (done by for example [Speer
et al., 2005]) and so called sequence clustering (described in [Vijaya et al.,
2003]) can be accomplished by the same implementation of this model. To
a large extent, the model has been formed by studying the approaches of
other research papers.

The model assumes a dataset consisting of a number of data entries.
The dataset has a number of attributes, and each data entry has assigned
zero, one or a set of attribute value(s) to each attribute. The data entries
can be seen as tuples in a relational database table (although this is not
a pre-requisite), where a data entry can have more than one value to an
attribute. If multiple biological data sources have been used to assemble
the dataset, then it consists of the outer union of the data entries from
these data sources.

In this model, biological data grouping consists of three parts, defined
as follows:

Data preparation is the first step, which tries to make attribute values
of the data entries as homogeneous as possible.

Pairwise comparison is the task of finding all pairs of data entries that
are similar. These pairs are referred to as doublets.

Clustering is the final step in which the pairs of data entries, found to be
similar, are organised into clusters, where each cluster contains data
entries that, with respect to the criteria given by the user, are similar
or identical.

Before a biological data grouping procedure can be used, it needs to
be configured. In order to select appropriate methods for grouping, the
quality of the clusters produced by a specific set of methods must be judged.
Thus, when configuring the grouping procedure, an additional fourth part
becomes necessary:

Evaluation is the step when the found clusters are evaluated, and in-
sights are gained about how well the data grouping procedure worked.
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These insights can then be used to adjust the methods used for group-
ing.

The term “similar” is not explicitly defined here. This framework is
intended to be generic, and because of this, the user will have to specify by
what aspect data entries are to be organised.

After the clusters have been formed, the entries in each cluster could for
example be merged resulting in a dataset containing fewer data entries and
having less redundancy. How data entries could be merged is not studied
in this work, however. Also, the clusters could be used to make a summary
of the dataset. Figure 3.1 shows a graphical description of the general steps
in biological data grouping.

Figure 3.1: The 3 steps in a biological data grouping procedure. After clusters
have been formed, they can be evaluated or used for other purposes, for example
merging.

The first step, data preparation, is optional. However, it will be shown
to improve the biological data grouping procedure. The pairwise compar-
ison step is inevitable, and so is the clustering step. The clustering is
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necessary since the aim is not only to find pairs of similar data entries, but
whole groups (clusters). The evaluation step is necessary only when the
grouping system is being configured.

The model uses some specific terms that, in this context, mean the
following:

Doublet, in this work, is a pair of data entries that are found by the
biological data grouping procedure to be similar, based on one or
more criteria. The doublet relation between two data entries could
be considered to be binary (two data entries are either a doublet or
not). A more fuzzy approach to this relation is for example by letting
the similarity between two data entries be represented by a real value
between 0 and 1.

Cluster is a subset of the original data entries. The data entries within
one cluster are similar, with respect to the criteria given by the user.

The following sections deal more closely with the preparation, pairwise
comparison, clustering and evaluation steps.

3.2 Data Preparation

Data preparation, in this context, is the task of increasing the data level
quality of a dataset, by manipulating the attribute values of the data en-
tries, in order to optimize the biological data grouping procedure. Figure
3.2 shows a representation of this step.

Data preparation can be seen as a sub-problem of the more general
data transformation problem, which deals with the integration of multiple
data sources. Such a task usually includes both schema transformations
and data level transformations. In the context of integrating multiple data
sources, schema transformation is mostly about creating a homogeneous
schema from a set of heterogeneous schema, that is, a method to implement
schema matching. Data level transformation is typically about conforming
values, so that all values of one attribute are formatted the same way. A
collection of papers constituting an extensive research on the topic of data
transformations can be found in [Rundensteiner, 1999].
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Figure 3.2: The preparation step of biological data grouping. The entries in the
data set get conformed, reducing the heterogeneity.

In this model the data entries are assumed already to be modelled the
same way, that is, have the same sets of attributes, see section 3.1. Schema
transformations specific for schema matching is therefore not addressed
here. Other schema transformations such as combining a number of at-
tributes to form a single attribute or, the opposite, splitting an attribute
into a number of attributes, might still be suitable. Among the possible
data level transformations two classes can be distinguished:

Intra-attribute preparation means the changing of attribute values within
a single attribute, taking into account this attribute only. It usually
aims to conform the values, so that the attribute uses only one format.
In a typical address registry this can for example include standard-
izing the way Street name and Zip-code are represented. In a
biological dataset, such transformations can for example be:

Manipulations of ontological annotations involve discarding vague
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ontology terms, keeping only the more specific.

Standardizations of various attributes may be needed. If the dataset
has an attribute Organism, a value like “human” might be ap-
propriate to change into “homo sapiens”. Also, sequence format
transformations might be needed, since many different formats
for, for example, protein sequences exist.

Inter-attribute preparation means changes of attribute values, taking
into account other attributes. In an address registry this could for
example be to determine City based on Zip-code. Typical prepa-
rations of this kind for a biological dataset can for example be:

Mappings are“dictionaries”that can translate from one attribute to
another. For example, since the Gene Ontology aims to unify a
big part of the biological language [Ashburner et al., 2000], map-
pings from different keyword vocabularies to gene ontology terms
exist. Values of some attributes might therefore be mapped to
Gene Ontology terms.

Parsing another attribute value. Unless the data entries in the
dataset have been brought together by an integrated data re-
trieval system having a successful schema matching, the data
granularity level might be too high in some attributes (that
is, some attributes might actually constitute combinations of
other, more precise, attributes). For example, the Definition
attribute of a typical biological data entry modelling a protein
might carry a variety of information such as tissue specificity
and protein function, and if the protein is an enzyme: isozyme
specifier or catalytic activity. To ease biological data grouping,
such values should be moved to separate attributes.

In addition to using the attribute values themselves in data preparation,
external sources of knowledge might be used. As mentioned above, typical
sources of knowledge for a biological dataset can be mappings, ontologies
and other databases, for example to obtain missing values.
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3.3 Pairwise Comparison

The pairwise comparison process is the main step in the biological data
grouping procedure. This process takes a dataset and returns all pairs of
data entries that are doublets, that is, pairs of data entries found to be
similar, with respect to the user’s criteria. A representation of this step is
found in figure 3.3. More formally, the requirement of this step is:

In a set of data entries D1 . . . Dn identify all pairs of data entries
{Dx, Dy} that are doublets.

Figure 3.3: The pairwise comparison step. In a set of data entries, all pairs of
similar entries are identified.

Commutativity1 is assumed between the data entries of a doublet. In
this model, there is no distinction between the doublets {Dx, Dy} and
{Dy, Dx}.

The number of possible doublets is the number of subsets of size 2
(pairs) in a set of n elements. This is equal to(

n
2

)
=

n!
2!(n− 2)!

=
n · (n− 1)

2
1A relation R is said to be commutative if, for all a and b, it holds that aRb = bRa
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The procedure by which the pairwise comparisons are done can be di-
vided into three levels of granularity:

Selecting pairs. The overview task is to select which pairs of data entries
in the dataset that should be compared.

Entry comparison. The medium task is to compare two data entries,
and to determine whether they are a doublet or not.

Attribute comparison. The detailed task that deals with how two at-
tribute values, or two sets of attribute values, should be compared.

The task of selecting pairs is described more closely in section 3.3.1.
Since entry comparison relies heavily on how attribute comparison is done,
the latter is described in section 3.3.2, before entry comparison, which is
described in section 3.3.3.

3.3.1 Selecting Pairs

The easiest way of selecting pairs of data entries to be compared is simply
to choose all n·(n−1)

2 pairs. This exhaustive approach is reasonable for
relatively small datasets. The approach implies an O(n2) algorithm that
scales poorly, and might be too time-consuming for a large dataset.

Another approach could be to use a pre-clustering technique (see for ex-
ample [Cochinwala et al., 2001], section 2.2). In pre-clustering, the dataset
is divided into disjoint sets, between which there is a-priori knowledge that
there will never be any doublets. For example, in a database of students,
if it is assumed that the user never wishes to put two students of different
schools in the same cluster, the attribute School can be used to build pre-
clusters. Doublets can then be searched for within the pre-clusters. If, in a
dataset of n data entries, m pre-clusters can be made and the n data entries
fill these pre-clusters in a uniform way, the number of comparisons is re-
duced from n·(n−1)

2 (in the exhaustive approach) to m ·
n
m ( n

m−1)

2 = n(n−m)
2m .

In a biological dataset of human genetic sequences, if it is believed that two
data entries modelling genes will never end up in the same cluster if they
are located on different chromosomes, an attribute like Chromosome can
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be used to make 24 pre-clusters2. Compared to the exhaustive approach, if
n = 500 this3 reduces the number of comparisons from 500·(500−1)

2 ≈ 125000
to 500(500−24)

2·24 ≈ 5000.
A third approach would be to first sort the data entries, based on a user

specified attribute (see for example [Rahm and Do, 2000], section 3.3 or
[Cochinwala et al., 2001], section 2.2). After the dataset has been sorted
into a list, data entries that are adjacent or within a “window” are brought
together to be compared. If each data entry (in a set of n entries) is com-
pared only to its neighbours, the total number of comparisons is only n−1.
The sorting also has its cost however, in its number of comparisons between
attribute values. Also, the sorting approach relies on two assumptions: (1)
the user specifies only one attribute (one criterion) and (2) the values of
this attribute can be sorted.

3.3.2 Attribute Comparison

This section deals with how attribute values are to be compared. It first
describes how the similarity between individual values can be measured,
and then how to obtain the similarity between two sets of values. The last
subsection is about how to deal with missing values.

Comparing two attribute values

At this point, the idea of similarity functions is introduced. A similarity
function takes as arguments two attribute values and produces a similarity
score.

SimFunc(value1, value2)→ R

Although typical similarity scores are values only between 0 and 1, this
restriction is not made at this point, in order for the model to be generic.

A similarity function can produce its similarity score in many ways, and
is highly domain specific. In this model, two major classes of similarity

2Human DNA is distributed among the 22 autosomes (chromosomes that aren’t sex
chromosomes) and the two sex chromosomes X and Y.

3Provided that the data entries get distributed evenly among the pre-clusters, which
is probably not the exact case since the human chromosomes carry a varying number of
genes. However, the number of needed comparisons is dramatically lower than 125000.
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functions for biological datasets are identified: syntactic similarity and
semantic similarity.

Syntactic similarity is a measure of how similar two words or strings are,
usually by counting how many letters or characters that are identical
in the two words. The strings “XYZ” and “XYA” could be said to
have a syntactic similarity of 67% for example, since two thirds of the
letters are identical. Two examples of syntactic similarity functions
are listed below.

General string matching refers to domain independent algorithms
that produce similarity scores between any kinds of strings, not
using any other information than the strings themselves.

Sequence similarity refers to the similarity between two nucleotide
or amino acid sequences. In general, an alignment is first pro-
duced, which afterwards can give statistics on how many matches
and mis-matches there are in the alignment. Although algo-
rithms in this class also typically count the number of co-occurring
elements in the two sequences just like the general string match-
ing algorithms count co-occurring characters in strings, some
biological knowledge is also added (which makes this kind of sim-
ilarity functions domain dependent). For example, in protein-
protein BLAST4 (BLASTP), an amino acid substitution matrix
is used that specifies how significant a match or mis-match be-
tween two amino acids is. The matrix is determined empirically,
and symbolizes the biological knowledge about how frequently
the different amino acid substitutions occur in evolution.

Semantic similarity tries to measure the similarity of the meanings of
words, rather than counting characters. In order to measure the
semantic similarity between two words, in this thesis an ontology
(described in section 2.3) is assumed to have been specified, in which
the words occur. The structure of the ontology and the positions of
the two words in this ontology are used to determine the similarity
of the words. Semantic similarity is not specific for the biological

4Basic Local Alignment Search Tool. For more information, see [Altschul et al., 1990].
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domain, but the use of this measure in a biological context is not a
very well-studied topic. In this model, three suggestions on how to
implement semantic similarity are outlined:

Edge based semantic similarity between two ontology terms is an
approach that first measures the ontological distance between
the terms, and then transforms this distance into a similarity
measure. The distance between two terms is the (least) num-
ber of edges between them, that is, the path length between
them. The similarity measure is inversely proportional to the
path length: the longer the distance, the lesser the similarity.
Information about depth in the ontological hierarchy can also
be added to this measure: the higher up in the ontological hier-
archy two terms are, the lesser the specificity of them are, and
therefore also the similarity between them. Using this approach,
it needs to be addressed how ontological distance can be trans-
formed into a similarity score.
This approach is for example used by [Ho and Chiang, 2005].

Node based semantic similarity uses the nodes in the ontology rather
than the edges between the nodes. One such approach is the In-
formation content approach, which makes use of a corpus5 to
decide how much information there is in a word. The idea is
that words that are used often are less informative than words
that are used seldom. In this model, the information content
of each node (term) in the ontological hierarchy is determined
by going through the corpus and counting occurrences of each
term. In addition, when a term occurs, its parents (in regard to
is a links) are also considered to have occurred. For each node
n, the relative frequency of how often its word appeared in the
corpus p(n), is then stored, which will be a number between 0
and 1. Since the root of the ontology is a parent (indirectly) of
all other terms, it will have a frequency of 1. The information
content in each node is then defined as − lg p(n).

5A corpus is a large collection of writings or documents, used in linguistic analyses
of texts.
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Then, the similarity between two terms is equal to the amount
of information they share, that is, the information content of the
most informative node, which is the deepest node to which both
the two terms are sub-terms.
This approach was described by [Resnik, 1999] in which semantic
similarity was investigated using a taxonomy of every-day words.
The approach was also tried in a biological setting, using Gene
Ontology as ontology and the SWISS-PROT-Human database
(with its GO annotations) as corpus, by [Lord et al., 2003].

Graph comparisons In [Gentleman, 2005], as part of an attempt
to visualize genes by their ontological annotations, the idea of
using induced graphs when finding similarity between genes was
described. The induced graph IG = (V,E) from a set of ontol-
ogy terms Vs = {v1, . . . , vn} is the subgraph of the ontology that
contains Vs and all ancestors to the terms in Vs. If Vp are all
ancestors to Vs, it means that V = Vs ∪ Vp. If a gene has been
annotated with a set of ontology terms, it means that the in-
duced graph contains all terms that are applicable to this gene.
If two ontology terms (or sets of ontology terms) have induced
graphs IG1 = (V1, E1) and IG2 = (V2, E2), the similarity be-
tween the two terms (or sets) can be a function of how similar
the graphs IG1 and IG2 are. One such function could be how
many terms that the two graphs have in common, divided by
the number of terms in the union. More precisely:

SimFunc =
size(V1 ∩ V2)
size(V1 ∪ V2)

A combination of the information content and edge based approaches
was suggested by [Jiang and Conrath, 1997].

In a biological dataset, the different kinds of similarity functions can
be used on certain attributes. Sequence similarity is best applied on an
attribute like Sequence. General string matching algorithms can be used
on a variety of attributes, including Accession (using exact match), Def-
inition and References. On which attributes semantic similarity can



Model for Grouping Biological Data 27

be used depends on which ontologies that have been specified. Semantic
similarity using the Gene Ontology can be used on an attribute like GO
Annotations, while a semantic similarity using the Tissue Ontology can
be used on an attribute like Tissue specificity.

Comparing Sets of Values

In a biological data entry, attributes like GO Annotations and Key-
words typically have multiple values, or sets of values. The question is
at this point, if the similarity between two values a and b of an attribute
is measured by a similarity function SimFunc(a, b), how is the similarity
between two sets of values x = {x1 . . . xn} and y = {y1 . . . ym} measured?
Two possible approaches are outlined below.

• In both [Speer et al., 2005] and [Couto et al., 2005] a highest possible
approached was used. That is, in all possible {xi, yj} combinations,
only the one with highest similarity was selected.

• In [Lord et al., 2003], an average approach was used. All {xi, yj}
combinations were calculated, and the average of these was used as
similarity between the two sets.

Comparing Missing Values

The last topic necessary to be dealt with is how to treat missing (null)
values. Two questions need to be answered:

1. How similar are two null values?

2. How similar is a set of values (or one value) to a null value?

The easiest way is to solve both these questions is to state that if at least
one value is null, the similarity is 0. However, it is suggested in this model
that some situations might occur where a slightly more sophisticated ap-
proach is advisable. For example, protein entries can have an attribute like
Catalytic activity, where a null value indicates that a protein is not an
enzyme. If this is the case, two null values are more similar than one null
value and one existing value.
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According to a classification of missing values in database theory ([El-
masri and Navathe, 2004], chapter 8, section 5) a missing value can be one
of the following:

1. Unknown value

2. Unavailable value

3. Not applicable attribute

In the example above, the null values can be said to be of the third type. It
is suggested in this thesis that special care should be taken when comparing
values of an attribute where null values might be of the third type, since
these can infer extra information.

3.3.3 Data Entry Comparison

The medium level task of pairwise comparisons is to compare two data
entries Dx and Dy, and determine if they are a doublet or not.

The most intuitive way to compare two data entries is to compare the
values of the two data entries, one attribute at a time. That is, for each of
the selected attributes, the value(s) of Dx is/are compared to that/those
of Dy. See figure 3.4 for an example.

Figure 3.4: Example of three value comparisons when comparing two data
entries.
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Which attributes should be chosen for finding similarity? How are the
values of these attributes to be compared (which similarity function should
be used), and how similar do these values need to be to decide that two
data entries are a doublet? In this model, the idea of criterion is introduced
at this point to address this problem. A criterion, or a set of criteria,
defines the framework by which the system can decide if two data entries
are a doublet or not. Two possible approaches on how to use criteria are
described below:

1. The approach described by [Cochinwala et al., 2001] (section 2.3) is to
first calculate the similarity scores between values of two data entries
in the user-specified attributes, using different similarity functions
for each of the attributes. This approach then calculates a weighted
sum of the similarity scores (the weights of each criteria are either
predefined or user-specified). If the weighted sum is greater than a
threshold, the two data entries are considered to be similar, a doublet.

2. The drawback of the first approach is that restrictions like “don’t
consider two data entries to be similar unless their sequence similarity
is greater than a specified threshold” are not supported. Another
approach, described by [Koh et al., 2004], is to use criteria for each
of the attributes of interest separately. Each criterion has its own
attribute and its own similarity function just like in the first approach,
but it also has a threshold of its own. Given two data entries, if all
criteria are satisfied (each criterion is satisfied if its similarity score
is greater than its threshold) the two data entries are a doublet6. In
other words, in this approach a set of criteria is used C = {C1, . . . Cn},
and the whole set of criteria is satisfied if C1 and C2 and . . . and Cn.

Common for both approaches is that the set of criteria specifies which
attributes that are of interest, what similarity functions should be used for
values of these attributes, as well as the deciding mechanism by which two
data entries are found to either be a doublet or not. In this model, in order
for both approaches to be possible, a criterion is defined as a condition,
having the following properties:

6Actually, the system described in [Koh et al., 2004] was searching for “duplicates”,
that is, data entries that model the very same real-world (biological) object.
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• It specifies an attribute in which values of two data entries are to be
compared.

• It specifies how values of that attribute are to be compared (a simi-
larity function).

• Multiple criteria can be combined to form a set of criteria.

• For a set of criteria (and possibly also for each criterion), the mecha-
nism to decide if two entries are a doublet is specified. That is, given
two data entries, a set of criteria can either be satisfied or not. If the
set of criteria is satisfied, the two data entries are a doublet.

The idea in this model is that the criteria should be established by
a user. When the user has an idea about what makes two biological data
entries similar, he or she can communicate this to a biological data grouping
system using criteria.

For example, if a user wishes to do so called Sequence clustering7, he
or she could specify this by making a single criterion with Sequence as
attribute, BLAST as similarity function and by choosing to make two data
entries a doublet if the BLAST alignment score is greater than a threshold.

How the use of criteria is to be implemented is not explicitly stated in
this model. Additional features, not in the list above, might be appropriate
to add.

3.4 Clustering

Clustering is the step when the doublets are organised to clusters, where
each cluster contains similar data entries. A cluster might contain only one
data entry (which is not similar to any other data entry) but can not be
empty. Figure 3.5 shows a graphical representation of this step.

Graph theory concepts can be used to describe the clustering step. If
a set of vertices V represents the data entries, the found doublets can be
represented by a set of undirected edges E, each edge connecting two similar

7In Sequence clustering, clusters or families are built, where each family consists of
similar sequences. See for example [Vijaya et al., 2003].
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Figure 3.5: The clustering step. The doublets are used to organise clusters of
similar data entries.

data entries. The clustering step is then the problem of finding suitable
subgraphs G1 . . . Gk of the simple graph G = (V,E). Two possible kinds
of subgraphs are described below.

1. A clique in an undirected graph G = (V,E) is a set of vertices V ′ ⊆ V
such that for every two vertices in V ′ there is an edge in E connecting
them [Cormen et al., 2001]. It means that the subgraph induced by
V ′ is complete, since all its vertices are adjacent.

2. A connected component in an undirected graph G = (V,E) is a max-
imal connected subgraph G′ = (V ′, E′) of G [Cormen et al., 2001]. It
means that, for every two vertices in V ′, there exists at least one path
between them, and that if there exists a path between two vertices
in V , they must be in the same connected component. Indeed, if the
clustering algorithm finds the transitive closure8 of the graph, the
resulting subgraphs will be connected components.

Basically any algorithm that finds subgraphs in the graph can be used
for clustering. The choice of subgraphs depends to some extent on what the
clusters are meant to represent. A few questions that should be considered
are:

1. Must all data entries in a cluster be doublets with each other?
8The transitive closure of a graph G = (V, E) is a graph G′ = (V, E′) such that for

all v, w ∈ V there is an edge (v, w) ∈ E′ if and only if there is a path from v to w in G.
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2. Is the doublet relation considered to be transitive?

3. Are the clusters to be disjoint, or can they overlap?

4. Can the clusters be of any size and / or any number, or should this
be regulated?

5. Must all doublet relations be captured by the clusters?

If the answer to question number 1 is yes, the clustering algorithm
should be looking for cliques in the graph. If the answer to question number
2 is yes, an algorithm that focuses on finding connected components could
be used. If disjoint clusters are preferred, connected components have the
advantage of already being disjoint. If there is a preference that clusters
shouldn’t be too large (which might for example happen with connected
components), a graph cutting algorithm to split a cluster into two or more
smaller components could be used. Since a graph cut removes one or more
edges in the graph however, this means that some doublet relations will be
discarded.

Intuitively, disjoint clusters are often more appealing than overlapping
clusters. For example, if the user chooses to find clusters based on the
similarity between values of the attribute Sequence, he or she is probably
trying to do so called Sequence clustering (see [Vijaya et al., 2003]), in
which disjoint families of sequences are aimed for. Most studies of how to
group data (both from the biological and other domains) only take making
disjoint clusters into account (for example [Speer et al., 2005], [Bilke et al.,
2005] and [Cochinwala et al., 2001]), and the concept of clustering is often
even synonymous with the concept data partitioning, in which a dataset is
divided into disjoint subsets.

However, it is suggested in this thesis that situations might occur where
overlapping clusters are more appropriate. Take for example the situation
where the user chooses GO Annotations (from the Molecular Function
namespace) as grouping attribute, and where the dataset is the one below.

Accession GO Annotations
D1 GO:001
D2 GO:001, GO:002
D3 GO:002

→
Found doublets
{D1, D2}
{D2, D3}
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An algorithm that searches for connected components (with the goal
of making disjoint clusters) will probably put all these data entries in one
cluster, although D1 doesn’t have any function in common with D3. More
preferable, in this particular case, would probably be two clusters {D1, D2}
and {D2, D3}. Although these two clusters are not disjoint, they represent
the two functions GO:001 and GO:002 well.

Which clustering algorithm to use might depend on what grouping re-
sults the user is aiming for. Since it might not be obvious which algorithm
will yield the best results, the choice of clustering algorithm could be left
to the user.

3.5 Evaluation

Previous sections in this chapter illustrated that alternative approaches
could be used for each of the many sub-tasks (for example which prepa-
ration steps should be made, how to deal with sets of values, how the
clustering algorithm should work etc.). How can we know which set of
approaches works best for the whole grouping task?

One possible way to ease this decision process is to make an intuitive set
of grouping approaches and use it on a test case, consisting of a test dataset
(which can be a fragment of a larger dataset) and a set of approaches.
Then, by evaluating the found clusters from this test case, adjustments to
the grouping approaches can be made. The new set of approaches can be
used on a new test case, and new evaluations can be made. Iteratively,
an optimal set of approaches for the intended grouping can be selected.
Figure 3.6 shows how an evaluation can lead to conclusions, which can lead
to adjustments of the set of grouping approaches.

Note that biological datasets may have different properties, thereby
presenting separate kinds of difficulties. Also, different users (biologists,
physicians, geneticists) might have separate preferences as to what clusters
should be produced, even if they use the same criteria. A set of approaches
that works well for one dataset might not work as well for another dataset.

In what way can the found clusters be evaluated? In this thesis, two
basic kinds of evaluations are distinguished:
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Figure 3.6: Evaluation of the clusters. Insights gained from this step can be
used to adjust the set of grouping approaches.

Detailed examination means carefully studying the data entries in a
cluster, and determining why these data entries were organised into
the same cluster. Insights can be gained, both of how the set of
grouping approaches works and about the quality of the dataset.

Cluster quality measure refers to some parameter that can sum up how
well a whole grouping procedure has worked. By using parameters
like these, many test cases can be compared quickly. Within this
kind of evaluations, a further division can be made (according to
[Steinbach et al., 2000], chapter 4):

1. Internal quality measure refers to evaluative measures of the
clusters without any reference to external knowledge. One exam-
ple is the Overall Similarity measure, used by [Steinbach et al.,
2000], which calculates a weighted average similarity of all pairs
of data entries in all clusters.

2. External quality measure uses some external knowledge about
how the clusters should look like, that is, what the intentions of
the grouping procedure were. The typical approach is to make
a manual classification of the test dataset, in which a domain
expert assigns one or more class labels to each data entry. Each
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class then consists of data entries found manually to be similar,
and the grouping procedure can be evaluated by how well the
clusters correlate with the classes. The perfect result is when
each class is “covered” by exactly one cluster. There are various
parameters that measure how well classes and clusters correlate,
see for example [Steinbach et al., 2000] chapter 4 or [Strehl, 2002]
section 4.4.

Evaluations of test cases might also give information about which sub-
tasks are more important than others to find the correct approaches for.
For example, if semantic similarity works well (for one purpose) regard-
less of which approach the semantic similarity function uses, one approach
(for example the quickest) could be chosen and the others discarded. If,
however, only some approaches work well in some cases and only other ap-
proaches work well in other cases, it might be appropriate to let the user
choose.

3.6 Summary

In this chapter, a model for grouping biological data has been described.
The model can be seen as a framework or guide when a grouping procedure
for biological data is to be constructed. It suggests that grouping biological
data has three distinct parts:

1. Data preparation, in which the values are conformed and data entries
become as homogeneous as possible.

2. Pairwise comparisons, in which similar pairs, so called doublets, are
found.

3. Clustering, in which groups of similar data entries are built, by using
the information of doublets.

Additionally, when a biological data grouping system is to be configured,
a fourth part becomes necessary:

4. Evaluation, in which the quality of the found clusters is assessed.
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In this model, a list of questions or tasks needed to be dealt with have
been outlined:

• What data preparation steps are needed? Prior to the pairwise com-
parisons, what transformations of the data can be done to improve
results? What auxiliary information (such as for example ontologies)
is needed for these transformations? (section 3.2).

• By stating criteria, the user can define by what kind of similarity
the comparisons should be made. In what way is Criteria to be
implemented? By what mechanism does a set of criteria detect a
doublet? (section 3.3).

• What similarity functions are to be used? (section 3.3).

• If semantic similarity is to be used, how shall it be implemented?
Which approach should be used to find the semantic similarity be-
tween two terms, given an ontology? (section 3.3).

• How is the similarity between sets of values to be calculated? (sec-
tion 3.3).

• How are missing values to be treated? How similar are two null
values? How similar is one null value to an existing value? (section
3.3).

• By what clustering algorithm should clusters be built? (section 3.4).

• How can a set of grouping approaches be evaluated, in order to find
the optimal set? (section 3.5).

• Which, of the questions above, should be left for the user to decide?
(section 3.5).



“Howdy, Stranger! This is Hauser. If things
have gone wrong, I’m talking to myself, and
*you’ve* got a wet towel wrapped around
your head.”

– Arnold Schwarzenegger, in Total Recall

4
Implementation

Here, an implementation of the model outlined in chapter 3 is de-
scribed. The implementation serves as a prototype for biological data

grouping, and has been used to try out different approaches.
This chapter explains approaches to the different sub-tasks, and lists

algorithms where these are appropriate. To a great extent, the sections in
this chapter correlate to the questions listed in section 3.6 on page 36. The
focus of this chapter is on grouping methods that use semantic similarity.

4.1 Data Preparation

In order to improve Gene Ontology-based grouping, three data preparations
involving the Gene Ontology annotations of the data entries were used:

Mappings. As mentioned in section 3.2, a mapping is “dictionary” that
translates from one vocabulary to another. Downloaded from the

37
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Gene Ontology Consortium’s web page1 were two such mappings:
spkw2go and ec2go. The mapping spkw2go translates keywords used
in the Swiss-Prot database to appropriate Gene Ontology terms, and
ec2go associates enzymes (identified by their EC numbers) to Gene
Ontology terms. The new GO terms are stored in two new attributes,
GO spkw and GO ec, respectively. Using these mappings, addi-
tional Gene Ontology terms can be added to data entries.

Dealing with namespaces. As described in section 2.3, Gene Ontology
is divided into 3 namespaces, where each namespace is an ontology of
its own. GO annotations in data entries are however often “bundled”
together, that is, an attribute like GO Annotations typically has
mixed GO terms from all three namespaces.

As a preparation step, a method was implemented that enables the
system to use GO terms from selected namespaces only. For example,
if only the namespace Molecular Function is selected, GO terms (in
both the original GO annotations and in GO spkw and GO ec from
mappings) from the other namespaces Biological Process and Cellular
Component are discarded / not used. As a result, each data entry
will only have GO terms from the namespace Molecular Function.

Removing Ancestors. Among the terms in a set of GO Annotations in
a biological data entry, ancestors to other terms in that set might
appear. For example, in a set, both iron ion binding and metal
ion binding might appear, where iron ion binding is a transi-
tion metal ion binding is a metal ion binding. If there is an
interest in using only more specific GO Annotations in the pairwise
comparison step of data grouping, this can be achieved by removing
ancestors in the preparation step. A method that accomplishes this
was implemented.

Note that in order to not remove any information from the data
entries, the same functionality could also have been achieved by the
semantic similarity function itself.

1http://www.geneontology.org/
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4.2 Defining Criteria

In section 3.3.3, two approaches to how criteria can be implemented were
outlined. In this implementation the latter approach was used, as it pro-
vides a greater flexibility.

Thus, a criterion in this implementation is defined as having the follow-
ing properties:

The Attribute in which values are compared.

The Similarity Function which produces the similarity score between
values of the attribute. The score should be a real number between
0 and 1, where the score 1 means that the values are identical.

A Threshold between 0 and 1, against which the similarity score is com-
pared.

An Operator that compares the similarity score against the threshold.
Default is greater_than but equal_to, not_equal_to and less_than
are also possible.

The criterion is satisfied by two values x and y for similarity function
SimFunc, operator Op and threshold Threshold if

SimFunc(x, y) Op Threshold

Multiple Criteria are Combined as a disjunction of conjunctions.

A conjunction of criteria is a set of criteria separated by “and”s. A
disjunction of conjunctions is a set of conjunctions separated by “or”s. The
combination of criteria can, in other words, be said to be in disjunctive
normal form (the operator not is built into the criterion itself). It has
been shown that any combination of clauses (criteria) can be rewritten to
disjunctive normal form (see for example [Weissten, 2006]). A user-defined
combination of criteria can therefore always be rewritten into the specified
format of disjunction of conjunctions, and be used in the system. Also, the
evaluation of a conjunction of criteria can be halted as soon as one criterion
is false, and the evaluation of a disjunction of conjunctions can be halted
as soon as one conjunction is true.
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In summary, a criterion C is defined by four parts:

C = {SimFunc,AttributeName, Operator, Threshold}

Multiple criteria C1 . . .Cn are combined to a set of criteria Cs as a
disjunction of conjunctions. A set of criteria is satisfied if

(C1 and . . . and Ca) or (Cb and . . . and Cc) or . . .

For example, consider a dataset with attributes Definition, GO An-
notations and Sequence. Three appropriate criteria could be:

• C1 = {Definition, EditDistance, =, 1.0}

• C2 = {GO Annotations, SemanticSimilarity, >, 0.9}

• C3 = {Sequence, SequenceSimilarity, >, 0.8}

The criteria could then for example be combined as C1 or (C2 and C3).
The two data entries in the dataset below . . .

Accession Definition GO Annotations Sequence
D1 “Lactotransferrin” ferric ion binding “mklvflvll. . . ”
D2 “Protein Phosphatase” metal ion binding “msdsekln. . . ”

. . . are then found to be doublets if

EditDistance(“Lactotransferrin”, “Protein Phosphatase”) = 1.0
or

 SemanticSimilarity(ferric ion binding, metal ion binding) > 0.9
and

SequenceSimilarity(“mklvflvll. . . ” , “msdsekln. . . ”) > 0.8
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4.3 Similarity Functions

In this section, some similarity functions used later for the test cases are
described. In this implementation, a similarity function is defined as a
function that takes two parameters (attribute values) and produces a real
number between 0 and 1, which is the similarity score.

score = SimFunc(value1, value2) 0 ≤ score ≤ 1

4.3.1 Syntactic Similarity Functions

General String Matching Algorithms

A number of general, domain-independent, string matching algorithms were
described in [Cochinwala et al., 2001], chapter 5. Of these, Edit Distance
and N-Gram were implemented. Below are short descriptions of each.

Edit Distance, or Levenshtein Distance, compares two strings S1 and S2

by calculating the least number of operations needed to turn S1 into
S2. The allowed operations are insertions, deletions and replacements
[Levenshtein, 1966]. In this implementation, the distance is then
transformed into a similarity score by the function

score = 1− distance

MaxLength(S1, S2)

An N-Gram is a representation of a string, in which the number of ap-
pearances of substrings of length N is stored [Pfeifer et al., 1995]. If
N = 2 (which makes the N-Gram a 2-Gram, or BiGram), the string
“abab” has for example the substrings “ab” appearing twice and “ba”
appearing once. In this implementation, when comparing two strings
using N-Grams, the sum of all the numbers of appearances of sub-
strings in both strings is first calculated and stored in sum. Then,
for all substrings, the (absolute) differences in the number of appear-
ances in the two strings are summed up and stored in diff . The
similarity score is then calculated by

score =
sum− diff

sum
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A few examples of similarities when implementing Edit Distance and
N-Gram like this are found in table 4.1. As can be seen, 2-Gram is for
example somewhat generous, which may or may not be advantageous.

Syn.Sim. {“abcba”, “bcbab”} {“B-Cell Leukemia”, “Leukemia, B-Cell” }
EditDistance 0.6 0.0625

2-Gram 1.0 0.826
3-Gram 0.67 0.741

Table 4.1: Examples of general string matching similarities.

Sequence Similarity

The implementation of this domain dependent similarity function uses the
SmithWaterman algorithm [Smith and Waterman, 1981]. This algorithm
produces a gapped and local alignment of two sequences, that is, an ar-
rangement of two sequences that emphasizes their similarity to each other.
That the alignment is gapped means that gaps are allowed. That the align-
ment is local means that the whole sequences don’t have to be used in order
to find the optimal alignment. Which alignment is optimal depends on the
amino acid substitution matrix (described in section 3.3.2), the open gap
penalty (the“cost”of starting a new gap) and on the extend gap penalty (the
cost of extending a gap). Although time-consuming, the SmithWaterman
algorithm guarantees finding the optimal alignment.

The SmithWaterman algorithm was not implemented by the author of
this thesis, however. Instead, the implementation of the JAligner package
[Moustafa, 2005] was used (described more closely later in section 4.8). The
similarity between two sequences is produced by letting JAligner make an
alignment between the sequences. Then, the similarity score is calculated
as the number of matches in the alignment divided by the length of the
longest sequence.

Locus Similarity

A biological data entry of a gene might have an attribute Locus that spec-
ifies the physical location of the gene. A value like for example ”8q11.23”
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means chromosome 8, q-arm (the long arm of the chromosome), region 1,
band 1, sub-band 2, subsub-band 3. In this implementation, a domain de-
pendent similarity function was written that compares two loci values. If
two loci-values specify different chromosomes or arms, the score is 0. The
number of matches on the remaining digits is then counted (to a maximum
of 4), and the score, that somehow relates to the physical distance of two
genes, is returned as

score = 0.25 ·matches

Also, two loci that are identical, for example “14q12” and “14q12” result in
the score 1.0, even though the number of matches after the arm-specifier is
only 2.

Sequence Length Similarity

The lengths of nucleotide or amino acid sequences can be used for finding
similarity between biological data entries. In this prototype, a domain inde-
pendent similarity function was implemented that measures the similarity
between two integers l1 and l2 as

score =
min(l1, l2)
max(l1, l2)

4.3.2 Semantic Similarity

In section 3.3.2, the edge based, the node based and the graph comparison
approaches to semantic similarity were outlined. This implementation uses
the edge based approach, since it is flexible (different parameter values
changes the behaviour of the method), intuitive and easy to implement
(the node based approach needs for example a corpus to set the information
content of each node).

An ontology can have different types of edges. Common for all ontolo-
gies studied for this thesis is the is a relation, which links children to their
parents. In for example the Gene Ontology, there are also edges of the
type part of. In this implementation, the ontological distance between two
terms is measured in three different kinds of edges (units):
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is a-ups is the number of edges needed to be traversed “upwards”, to “go”
from one term to the other, in the ontological hierarchy.

is a-downs is the number of edges needed to be traversed “downwards” in
the ontological hierarchy.

others are all other kinds of edges, for example part of relations.

The idea behind separating the is a edges into “ups” and “downs” is
this: Using an ontology like the one in figure 4.1, consider two cases: (1)
two proteins have been annotated with T2 and T4, respectively, and (2) two
proteins have been annotated with T1 and T3, respectively. Although the
(least) ontological distances between the terms in both (1) and (2) are 2
is a edges, it is suggested as a hypothesis by the author of this thesis that
the two proteins in case (2) could be more similar than the two proteins
in case (1). This because T1 is an ancestor to T3, and T3 describes a more
specialized function of T1. T2 and T4 describe similar, but still different,
functions.

What is the distance between T3 and T4 in the ontology in figure 4.1?
Clearly, there are several ways to go from T3 to T4, and therefore several
distances. Measuring distances in the units described above, four distances
are possible:

1. 2 is a-ups, 1 is a-downs.

2. 1 is a-ups, 2 is a-downs.

3. 1 others, 1 is a-ups.

4. 1 is a-downs, 1 others.

Which of these is the shortest (recall from section 3.3.3 that the wish is to
find the least number edges between two terms.)? In this implementation,
this question is not answered at this point. Instead, the similarity scores for
each of the four distances are calculated, and the highest score is chosen
as the similarity score between T3 and T4. The similarity score function
takes the three values u, d and o for the numbers of is a-ups, is a-downs
and others, respectively, as well as three parameters pu, pd and po. The
parameters decide how important the different edge types are. A low value
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Figure 4.1: Example of ontology with four is a edges and one part of edge.

on a parameter means there is high penalty for edges of the respective type.
Four different score functions were implemented:

score = e
−0.5·(( u

pu
)2+( d

pd
)2+( o

po
)2) (4.1)

score = e−0.5·( u
pu

)2 + e
−0.5·( d

pd
)2 + e−0.5·( o

po
)2 (4.2)

score = f(1− u

pu
− d

pd
− o

po
) f(x) =

{
x x > 0
0 else (4.3)

score =
1

1 + u
pu

+ d
pd

+ o
po

(4.4)

In summary, the implemented semantic similarity function measures
the similarity between two ontology terms by first calculating the least
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ontological distance between them (measured in units of is a-ups, is a-
downs and others) and then transforms this distance into a similarity score,
using one of the four scoring functions listed above.

4.4 Comparing Sets of Values

This section describes how the prototype deals with finding the similarity
between two sets of values, x = {x1 . . . xn} and y = {y1 . . . ym}.

By measuring the similarities of all combinations of values from x and
y, a similarity matrix is first calculated. The matrix has the dimensions of
n×m.

SimilarityMatrix(x, y) =


a1,1 a1,2 . . . a1,m

a2,1 a2,2 . . . a2,m

...
...

. . .
an,1 an,2 an,m


ai,j = SimFunc(xi, yj)

The similarity matrix describes how well the two sets correlate. If one
value in row 1 is high, for example, it means that x1 has found a “match”
among the values in y. If there exist high values in all rows, it means all
values in x have found “matches” in y. Similarly, if there exist high values
in every column, it means all values in y have found “matches” in x. To
obtain the similarity between the sets of values, a function f is specified,
that produces a real number using the matrix as parameter.

f(SimilarityMatrix(x, y))→ R

A number of approaches on how to implement this function were con-
sidered, out of which 2 were implemented. In both these approaches, two
additional vectors are calculated. The first vector, maxrow is an n× 1 vec-
tor that, for each row in the similarity matrix, lists the maximum value of
that row. That is, element e in maxrow is the highest value of row number
e in the similarity matrix. In the same way, maxcol is a 1×m vector that
lists the highest values in each of the columns of the similarity matrix.
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For example:

SimilarityMatrix =

 0.65 0.9
0.1 0.8
0.8 0.4

⇒


maxrow =

 0.9
0.8
0.8


maxcol

T =
(

0.8
0.9

)
These two vectors maxrow and maxcol are then used differently in the

two approaches:

1. The averages of each of the vectors are first calculated. The final score
is then the average of these two averages. In the example above, this
would be:

score =
0.9+0.8+0.8

3 + 0.8+0.9
2

2
=

0.833 + 0.85
2

= 0.842

2. Like above, the averages of the two vectors are calculated. The final
score is the maximum of these two averages. In the example above,
this would be:

score = max
(0.9 + 0.8 + 0.8

3
,
0.8 + 0.9

2

)
= max(0.833, 0.85) = 0.85

Other approaches that were considered were for example to take the
average of all values in maxrow and maxcol, or to take the maximum value
of all values in maxrow and maxcol. Also, the matrix p-norm operator2

||SimilarityMatrix||, might be possible to use, but is more difficult to
implement.

2 For n × m matrix A and n × 1 vector x,

||A||p = sup
x6=0

||Ax||p
||x||p

, where ||x||p =
“ nX

i=1

|xi|p
” 1

p
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4.5 Dealing With Missing Values

In this prototype, the easiest way of dealing with missing values was used.
For each criterion, regardless of the similarity function, if at least one of
the data entries has no value(s) of the specified attribute, the similarity
score is 0.

4.6 Clustering

Two clustering algorithms were implemented. The first searches for cliques
in the dataset and the other for connected components. Both approaches
are described in section 3.4. Below are descriptions of the implementations
of these approaches.

The Clique-clustering algorithm finds the largest cliques in the dataset.
In every cluster, each data entry is doublet with the other data entries
in its cluster. The clusters might overlap. For example, in a dataset
of four data entries {D1 . . . D4}, if the following doublets are found:

{D1, D2}, {D1, D3}, {D2, D3}, {D2, D4}, {D3, D4}

. . . then the following clusters are built:

{D1, D2, D3}, {D2, D3, D4}

. . . which is also illustrated in figure 4.2.

If, on the other hand, there was also the doublet {D1, D4}, a single
big cluster would have been built:

{D1, D2, D3, D4}

The way by which the clusters are built is outlined in algorithm 1.

The Connected Component-clustering algorithm finds the connected
components in a dataset. The resulting clusters are disjoint, and the
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Algorithm 1: Finding cliques in a dataset.

Build Cliques
(
DataSet, Doublets

)
1: create Clusters
2: for all DataEntry ∈ DataSet do
3: create Cluster
4: Cluster ← add DataEntry
5: Clusters ← add Cluster
6: end for
7: for all {DataEntryA,DataEntryB} ∈ Doublets do
8: create Cluster
9: Cluster ← add DataEntryA

10: Cluster ← add DataEntryB
11: Clusters ← add Cluster
12: end for
13: repeat
14: for all ClusterA ∈ Clusters do
15: for all ClusterB ∈ Clusters do
16: if Mergeable

(
ClusterA,ClusterB, Doublets

)
then

17: ClusterB ← ClusterA ∪ ClusterB
18: remove ClusterA
19: end if
20: end for
21: end for
22: until no clusters were merged

Mergeable
(
ClusterA,ClusterB, Doublets

)
1: for all DataEntryA ∈ ClusterA do
2: for all DataEntryB ∈ ClusterB do
3: if {DataEntryA,DataEntryB} /∈ Doublets then
4: return FALSE
5: end if
6: end for
7: end for
8: return TRUE
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Figure 4.2: Example of clustering by largest cliques.

data entries within a cluster might not all be doublets with each
other. For example, in a dataset of three data entries {D1 . . . D3}, if
the following doublets are found:

{D1, D2}, {D2, D3}

. . . then the following cluster is built:

{D1, D2, D3}

The way by which these clusters are built is outlined in algorithm 2.

4.7 Evaluation

In order to be able to compare how well different sets of approaches worked,
a number of external quality measures were implemented (recall from sec-
tion 3.5 that an external quality measure is a parameter that sums up
how well a number of clusters correlate to a given classification). The four
first are purity, F-measure, normalized entropy and mutual information,
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Algorithm 2: Finding the connected components in a dataset

Build Components
(
DataSet, Doublets

)
1: create Clusters
2: for all DataEntry ∈ DataSet do
3: if DataEntry /∈ any cluster in Clusters then
4: create Cluster
5: Clusters ← add Cluster
6: Recursive Assign

(
DataEntry, Cluster,Doublets

)
7: end if
8: end for

Recursive Assign
(
DataEntry, Cluster,Doublets

)
1: Cluster ← add DataEntry
2: for all {DataEntryA,DataEntryB} ∈ Doublets such that

DataEntry = DataEntryA do
3: if DataEntryB /∈ Cluster then
4: Recursive Assign

(
DataEntryB,Cluster,Doublets

)
5: end if
6: end for

which all were defined in [Strehl, 2002]. Two additional measures, defined
in this thesis by the author - total recall and grouping strength - were also
implemented. For all of these measures, they are defined as follows.

Let n be the total number of analyzed data entries, ng the number of
generated clusters and nc the number of given classes. Let ng

i denote the
number of entries in cluster i and nc

j denote the number of entries in class
j. Let nij represent the number of entries that are common to cluster i
and class j, which is also called (number of) true positives. The entries in
cluster i not found in class j are false positives. For each cluster i and class
j, the precision is defined as pij = nij

ng
i

and the recall as rij = nij

nc
j
.

Purity evaluates the average precision of the clusters with respect to their
best matching classes. For each cluster i purity is defined as pi =
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maxj{pij}. The purity for the whole grouping is defined as

p =
ng∑
i=1

ng
i

n
pi

F-measure is the average F-measure of the classes with respect to their
best matching clusters. The measure combines precision and recall
into a single value. For each combination of cluster i and class j the
F-measure is Fij = 2·pij ·rij

pij+rij
. The F-measure for class j is defined as

Fj = maxi{Fij} and the F-measure for the whole grouping is defined
by

F =
nc∑

j=1

nc
j

n
Fj

Normalized entropy analyzes how on average the data entries in each
cluster are distributed among the classes. Ei = −

∑nc

j=1 pij lognc pij is
the normalized entropy for cluster i and the total normalized entropy
for the whole grouping is

E =
ng∑
i=1

ng
i

n
Ei = − 1

n

ng∑
i=1

nc∑
j=1

nij lognc pij

Mutual information is the average measure of correspondence between
each cluster and class. The mutual information is calculated as

MI =
2
n

ng∑
i=1

nc∑
j=1

nij logng·nc

( nij · n
ng

i · nc
j

)
This measure gives a perfect score of 1.0 only if the the data entries
are distributed evenly between the classes.

Total recall is very similar to purity. However, instead of calculating the
average precision of the clusters with respect to their best matching
classes (like purity), this measure calculates the average recall of the
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classes with respect to their best matching clusters. For each class,
the best recall is rj = maxi{rij}. The total recall is defined as

r =
nc∑

j=1

nc
j

n
rj

Grouping strength measures how well the number of clusters correlate
to the number of classes. If the number of clusters is equal to the
number of classes, this value is 1. If the number of clusters is equal
to the number of data entries, the measure is 0. Unlike the other
measures, this measure can become higher than 1, which happens if
the clusters are too few (the grouping is too “strong”). The measure
is defined as

s =
n− ng

n− nc

4.8 Implementation in Java

The methods described in previous sections of this chapter were imple-
mented in Java, using JavaTM2 Platform Standard Edition 5.0 (J2SETM5.0)
as platform. This Java implementation enables a programmer to try out all
the methods described in this chapter on text-file datasets in the GenPept
format. Test cases that are run by this implementation produce output to
the standard output stream (stdout) that can be redirected and saved in
text files. Each test case produces one text file with results, which includes
1) a summary of the settings, 2) a “cluster-vs-classes table”3, 3) the values
of the external quality measures described in section 4.7, 4) the used cri-
terion/criteria, 5) a list of the clusters, and 6) a list of the classes. Since
semantic similarity was used, the implementation also has a method for
parsing text file ontologies in the OBO format4.

The following sections describe packages, not included in J2SETM5.0,
that the prototype uses.

3For each cluster and class, the number of data entries in common (true positives) is
listed, as is the number of entries in the cluster but not in the class (false positives).

4Open Biomedical Ontologies is an umbrella organisation for ontologies, and also has
an ontology format of their own. http://obo.sourceforge.net/

http://obo.sourceforge.net/
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4.8.1 BioJava

The prototype uses the BioJava project [Schreiber et al., 2006] version 1.4
to parse text-file datasets in the GenPept format. BioJava is an open-
source project which aims to provide a framework for processing biological
information. It includes, for instance, tools for manipulating biological
sequences, file parsers and access to BioSQL and Ensembl databases. A
dataset in the GenPept format is parsed by the method readGenpept()
of the BioJava class SeqIOTools, which returns an iterator of the Bio-
Java class Sequence. Each Sequence represents one data entry. These
Sequences are then used to build an internal representation (called DataSet)
of the dataset by selecting some of the attributes of each Sequence. The
data preparation steps described in section 4.1 are carried out in the con-
version from Sequences to DataSet.

4.8.2 JAligner

As mentioned in 4.3.1, the sequence similarity function was implemented
using JAligner [Moustafa, 2005]. This package uses the SmithWaterman
algorithm [Smith and Waterman, 1981] to produce gapped local alignments
of two sequences. It also uses the improvement by [Gotoh, 1982]. Given
two strings (sequences), a scoring matrix and the two parameters open
gap penalty and extend gap penalty, the class SmithWatermanGotoh of the
JAligner package has a method align() that returns an instance of the
JAligner class Alignment. This alignment is then used to calculate the
similarity score, as defined in section 4.3.1.

4.8.3 General String Matching

The similarity functions Edit Distance and N-Gram were implemented by
Ph.D. student He Tan, Linköping university, 2005.



“Dovie’andi se tovya sagain ... Time to roll
the dice.”

– Mat Cauthon, in the Wheel of Time

5
Test Cases

Unless a hypothesis is tried it does not provide knowledge. In this
chapter a number of test cases are described that were used to explore

how well the methods described in chapter 4 work on a typical biological
dataset. Section 5.1 describes a test dataset that was used for this purpose,
and in sections 5.2 and 5.3 two different classifications of this dataset are
described, that is, what clusters in the dataset that should be found by the
test cases, ideally. For each classification, the made test cases and their
results are outlined. Some observations are made, but general conclusions
can be found in the next chapter, chapter 6.

The test cases were all made by using the Java implementation, de-
scribed in section 4.8. In some of these, detailed examinations of clusters
and classes were made. However, the results listed in this chapter are only
the values of the external quality measures described in section 4.7, since
they are enough to illustrate the points.
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5.1 Test Dataset, 190 Glycolysis Entries from
Entrez

In order to try out the data grouping implementation described in chapter 4
a test dataset was downloaded. The dataset contains information concern-
ing 190 human proteins involved in glycolysis and was retrieved on the 6th
of October 2005 via the Entrez retrieval system1. Recall from section 2.2
that Entrez is an integrated search and retrieval system that provides ac-
cess to a variety of data sources. Because of this, the data entries in the
test dataset have different origins. They either come from the data sources
RefSeq, Swiss-Prot, PRF, PIR or PDB, or are translated from nucleotide
sequences at GenBank, EMBL or DDBJ. The dataset was stored as a text
file in the GenPept format.

5.2 Classification 1, Protein Function

The data entries in the test dataset were manually classified into 28 disjoint
classes according to their biological functions. For instance, all data entries
in one of the classes relate to Phosphofructokinase (which is the enzyme re-
sponsible for turning Fructose-6-phosphate into Fructose-1,6-biphosphate).
Data entries belonging to the same class may describe the same real-world
protein, proteins having similar function, fragments of proteins having the
same or similar function, and hypothetical proteins that are strongly be-
lieved to have the same or similar function. In the classification the two
largest classes consist of 56 and 53 data entries, while 13 classes consist
of a single data entry. The largest classes represent the enzymes Pyru-
vate kinase and Phosphofructokinase, which are two of the most prominent
regulatory enzymes in glycolysis.

The test cases described in the following subsections all“aimed”for these
classes, that is, the clusters were compared to how well they correlated with
these classes. Unless stated otherwise, of the two implemented methods in
dealing with comparing sets of values (described on page 47), number 2
was used (“max-of-averages”). Of the two clustering methods described

1http://www.ncbi.nlm.nih.gov/entrez/

http://www.ncbi.nlm.nih.gov/entrez/
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on page 48, number 2 (which finds the connected components) was used,
unless stated otherwise.

5.2.1 Grouping with General String Matching

When using general string matching techniques to group the data entries
according to their biological functions, three questions were asked:

1. Which of the implemented similarity functions works best, Edit Dis-
tance or N-Gram?

2. Which attribute should be used for the grouping? Definition or
Product?

3. What threshold should be used?

Using one high threshold (0.85) and one low (0.7), the above questions
were answered with 23 = 8 test cases, each test case using a single grouping
criterion with a specific combination of similarity function, attribute and
threshold. The word size for N-Gram was 2, making it a 2-Gram. The
eight test cases were used on all 190 data entries, and the results are shown
in table 5.1

Test Criterion ng p 1-E F MI TR s
case

1 EditDist(Definition)> 0.85 94 0.97 0.98 0.54 0.57 0.39 0.59

2 EditDist(Definition)> 0.70 68 0.81 0.87 0.56 0.50 0.52 0.75

3 EditDist(Product)> 0.85 105 0.99 0.99 0.49 0.57 0.37 0.52

4 EditDist(Product)> 0.70 78 0.95 0.98 0.64 0.58 0.57 0.69

5 2-Gram(Definition)> 0.85 85 0.97 0.98 0.50 0.58 0.37 0.65

6 2-Gram(Definition)> 0.70 54 0.75 0.80 0.55 0.45 0.56 0.84

7 2-Gram(Product)> 0.85 97 1.00 1.00 0.52 0.58 0.40 0.57

8 2-Gram(Product)> 0.70 70 0.95 0.98 0.77 0.59 0.69 0.74

Table 5.1: Test cases 1 - 8. ng - number of clusters, p - purity, E - entropy, F -
F-measure, MI - mutual information, TR - total recall, s - grouping strength.

Observations made from this table are that
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1. Not surprisingly, a high threshold gave high purity but low total
recall, and a low threshold gave low purity and high total recall.

2. Product gave higher purity than Definition when used as group-
ing attribute, but did not affect total recall.

3. Studying F-measure and mutual information (which assess the over-
all quality of the clusters) shows that there was no great difference
between 2-Gram and Edit Distance. The best test case was number
8, in which 2-Gram was used on Product with the low threshold.

5.2.2 Grouping with Sequence Similarity

In this test case, single criteria with sequence similarity as similarity func-
tion and Sequence as attribute were used to produce groups of data entries
with similar amino acid sequences. BLOSUM62 was used as scoring matrix,
open gap penalty was 11 and extension gap penalty was 12. The differences
between the test cases were the thresholds. The results are displayed in
table 5.2.

Test Criterion ng p 1-E F MI TR s
case

9 SequenceSim(Sequence)> 0.85 70 0.99 0.99 0.64 0.60 0.52 0.74

10 SequenceSim(Sequence)> 0.50 47 0.99 0.99 0.92 0.63 0.88 0.88

11 SequenceSim(Sequence)> 0.35 38 0.99 0.99 0.94 0.65 0.93 0.94

12 SequenceSim(Sequence)> 0.20 27 0.93 0.95 0.92 0.64 0.98 1.01

Table 5.2: Test cases 9 - 12. ng - number of clusters, p - purity, E - entropy, F
- F-measure, MI - mutual information, TR - total recall, s - grouping strength.

These criteria all produced clusters with high purity. The threshold of
0.85 was unnecessarily high however (the clusters were too small and too
many) and could be lowered to 0.35 to optimize the size of the clusters.

The observation of these results is that proteins having similar sequences
also have similar functions, which was expected. The fact that very good

2These are the default values when using BLAST to align sequences. For information
about the BLOSUM62 scoring matrix and gap penalties, see [Altschul et al., 1990].
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purity could be obtained although the threshold was low suggests that only
parts of the sequences need to be similar for two proteins to have the same
function3, which is well known in biochemistry. An enzyme’s catalytic
function is usually concentrated around its active site, and two proteins
having similar active site-regions will have similar functions, regardless of
differences in other regions.

Compared to the test cases 1-8 which used general string matching
criteria, the sequence similarity criteria worked much better for grouping
on the molecular function of the proteins. In fact, the only drawback of
using sequence similarity that could be found in this study is that the
grouping operation required some 30 times longer time than the grouping
with general string matching.

5.2.3 Grouping with Semantic Similarity

When studying how well the implemented semantic similarity measure
worked for grouping data entries according to the function of the proteins,
three attributes were used:

• GO Annotations, abbreviated to GO Ann, holds all “original”GO
terms of the data entries.

• GO ec holds the GO terms which were mapped by ec2go from EC
Number.

• GO spkw holds the GO terms which were mapped by spkw2go from
Keywords.

These attributes were combined into a single attribute. For example, if the
original GO terms were used together with the ec2go mapped GO terms,
the combined attribute is denoted GO Ann + GO ec.

As one of the data preparation steps, only terms from specific name-
spaces were selected. This is denoted to the attribute name by a superscript
of “f” for Molecular Function, “p” for Biological Process and“c” for Cellular

3The sequence similarity function uses, as mentioned in section 4.3.1, the SmithWa-
terman algorithm to produce local alignments. That is, the alignment corresponds to
the sub-sequences of the two sequences that correlate the best.
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Component. For example, GOfpc Ann means that all namespaces were
used, while GOf Ann means that only terms from Molecular Function
were used.

Only 71 of the 190 data entries have one or more values of GO Ann.
When using the mappings ec2go and spkw2go the number of data entries
with one or more GO terms in any of the three attributes is 93. In other
words, if the whole dataset is used when grouping with semantic similarity
the result can never be perfect, since so many data entries lack GO terms.
It was therefore decided to reduce the number of data entries. In each of the
following test cases, only data entries having one or more GO terms were
selected. The number of data entries (ne) varied because of this between
the test cases, depending on which mappings and namespaces were used.
Since not all data entries were used, the number of classes (nc) also varied.
In table 5.3 the results from the test cases are displayed. Note that one of
the columns shows how many entries that were used in the test case, and
another how many available classes there were. Unless stated otherwise,
among the semantic score functions on page 45, number 4.1 was used with
parameters pu = 2, pd = 1 and po = 1.

Test cases 13 - 18 were done independently of each other. Test case
number 16 turned out to be the optimal case, and test cases 19 - 21 used
the criterion from test cases 16, but with other variations. The observations
from these test cases are as follows.

1. Not surprisingly, since the data entries were organized into classes
with respect to the function of the proteins, using the namespace
Molecular Function only gave better results than using all three name-
spaces. Compare for example test cases 13 and 14.

2. Test cases 15 - 17 show that the ec2go mapping was useful but that
the spkw2go mapping was not.

3. Test cases 17 and 18 show that removing ancestors did not help the
bad effects caused by the spkw2go mapping.

4. Test cases 19 and 20 show that, in this particular case, it did not
matter which score function (described on page 45) was used, since
the results were the same as in test case 16.
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Test
case

Criterion ne ng nc p 1-E F MI TR s

13 SemSim(GOfpc Ann)>
0.95

71 23 24 0.90 0.93 0.88 0.86 0.94 1.02

14 SemSim(GOf Ann)> 0.95 67 26 23 1.00 1.00 0.97 0.91 0.96 0.93

15 SemSim(GOf Ann + GOf

spkw)> 0.95
75 23 24 0.80 0.87 0.79 0.79 0.95 1.02

16 SemSim(GOf Ann + GOf

ec)> 0.95
92 26 25 1.00 1.00 0.99 0.88 0.99 0.99

17 SemSim(GOf Ann + GOf

spkw + GOf ec)> 0.95
93 26 25 0.86 0.93 0.88 0.81 0.97 0.99

18 SemSim(GOf Ann + GOf

spkw + GOf ec)> 0.95;
93 26 25 0.86 0.93 0.88 0.81 0.97 0.99

GO ancestors removed

19 SemSim(GOf Ann + GOf

ec)> 0.95 Score func-
tion: 4.3

92 26 25 1.00 1.00 0.99 0.88 0.99 0.99

20 SemSim(GOf Ann + GOf

ec)> 0.95 Score func-
tion: 4.4

92 26 25 1.00 1.00 0.99 0.88 0.99 0.99

21 SemSim(GOf Ann + GOf

ec)> 0.95 “average-of-
average”

92 46 25 1.00 1.00 0.79 0.81 0.67 0.69

Table 5.3: Test cases 13 - 21. ne - number of analyzed entries, ng - number
of clusters, nc - number of classes, p - purity, E - entropy, F - F-measure, MI -
mutual information, TR - total recall, s - grouping strength.
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Test
case

Criterion ne ng nc p 1-E F MI TR s

16 SemSim(GOf Ann + GOf

ec)> 0.95
92 26 25 1.00 1.00 0.99 0.88 0.99 0.99

22 SemSim(GOf Ann + GOf

ec)> 0.95
92 29 25 1.00 1.00 0.84 0.88 0.96 0.95

Gr. Al: cliques

Table 5.4: Test cases 16 and 22. ne - number of analyzed entries, ng - number
of clusters, nc - number of classes, p - purity, E - entropy, F - F-measure, MI -
mutual information, TR - total recall, s - grouping strength.

5. Test cases 16 and 21 show that dealing with sets of values in the
“average-of-average” way instead of the “max-of-averages” gave worse
results (F-Measure and Mutual Information are lower in test case 21
than in test case 16). This result was due to the fact that, using
“average-of-average”, two entries had to have equivalent sets of GO
terms, and it was not enough if the GO terms of one entry was a
subset of the GO terms of the other entry.

5.2.4 Different Clustering Techniques

The best semantic similarity test case (number 16) was used to compare
the two clustering algorithms. Test case 16 used the connected component
algorithm, while test case 22 used the clique clustering algorithm. The re-
sults are shown in table 5.4. As can be seen, the clique clustering algorithm
gave the same purity and entropy, but lower F-Measure. Since the clique
clustering algorithm forces all entries in each cluster to be doublets with
each other, a larger number of small clusters was formed, which lowered the
F-Measure. Interestingly, the mutual information was however the same.
This seems to be due to the fact that the number of entries in the clusters
was not 92 in test case 22 but 107, since the clusters could overlap. The
increased number of small clusters caused total recall to be lower in test
case 22, which also lowered the F-Measure, but the increased number of
true positives (107 instead of 92) balanced out the effect when calculating
the value of mutual information.
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Test
case

Criterion ne ng nc p 1-E F MI TR s

23 LocusSimilarity(Locus)=
1.00

54 30 20 0.96 0.98 0.74 0.74 0.65 0.71

24 SeqLengthSim(Sequence)>
0.97

190 26 28 0.71 0.74 0.62 0.44 0.74 1.01

Table 5.5: Test cases 23 and 24. ne - number of analyzed entries, ng - number
of clusters, nc - number of classes, p - purity, E - entropy, F - F-measure, MI -
mutual information, TR - total recall, s - grouping strength.

5.2.5 Other Criteria

Results from test cases 23 and 24, which tried out locus similarity and
sequence length similarity respectively, are found in table 5.5.

In test case 23, the locus similarity function (described on page 42) was
tried out. Proteins were grouped together if the genes they originated from
were from the same locus. The test case was carried out only on those data
entries that had Locus-values, which was 54. The purity was relatively
high which means that in this small dataset there was a high probability
that two data entries referred to the same protein if their loci were the
same. There are many genes in each loci when looking at the whole human
genome, which means that in a larger dataset a criterion like this would
certainly cause many false positives (low purity).

In test case 24, the sequence length similarity function (described on
page 43) was used on the attribute Length. Proteins were grouped to-
gether if the lengths of their amino acid sequences had a similarity value
higher than 0.97. Not surprisingly, even with a high threshold like this, the
purity was relatively low. This is due to the fact that two proteins can have
totally different functions even if the lengths of their amino acid sequences
happen to be the same.

5.2.6 Combined Criteria

In this section 3 test cases which used combined criteria are described.
When looking for suitable combinations of criteria to combine, the strategy
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Test
case

Criterion ne ng nc p 1-E F MI TR s

25 EditDist(Product)> 0.85
or

190 93 28 0.98 0.99 0.51 0.58 0.40 0.60

2-Gram(Product)> 0.85

26 SemSim(GOf Ann)> 0.95
or

92 26 25 1.00 1.00 0.99 0.88 0.99 0.99

SemSim(GOf ec)> 0.95

27 2-Gram(Product)> 0.85
or

190 74 28 1.00 1.00 0.80 0.60 0.70 0.72

SemSim(GOf Ann + GOf

ec)> 0.95

Table 5.6: Test cases 25 - 27 ne - number of analyzed entries, ng - number of
clusters, nc - number of classes, p - purity, E - entropy, F - F-measure, MI -
mutual information, TR - total recall, s - grouping strength.

was to combine criteria that produced high purity but low total recall. The
hope was that combinations, with the criteria divided by or, would produce
the same purity but better total recall. The results from these test cases
are shown in table 5.6.

Observations from these results are:

1. In test case 25, the combined criterion was the criteria used in test
cases 3 and 7 (see page 57). The results of this test case were slightly
worse than in test case 7, which means that 2-Gram worked best on
its own.

2. In test case 26 both the attributes GO Annotation and GO ec
were used just like in test case 16 (page 61). However, instead of
combining the values of these attribute into one attribute and use
one criterion on this combined attribute, a combination of criteria
was made instead, that used these two attributes separately. The
results from test case 26 were just the same as those in test case
16 however, which shows that it didn’t matter which approach the
grouping criterion used.
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3. In test case 27, the best criterion that used a general string matching
similarity function (from test case 7, page 57) was combined with
the best semantic similarity criterion (from test case 16, page 61).
The whole dataset of 190 entries was used. Compared to test case
7 (which also used the whole dataset), test case 27 produced better
results (F-Measure of 0.8 instead of 0.52, for example) which shows
that combining criteria can indeed be useful.

5.3 Classification 2, Isozymes

The isozyme classification was constructed by further dividing the classes in
the function-based classification. For example, the data entries in the Phos-
phofructokinase (PFK) class were distributed into three classes: Liver-type
PFK, Platelet-type PFK and Muscle-type PFK. The classification resulted
in 52 disjoint classes, where the two largest classes contained 29 and 27
data entries, while 31 classes contained a single data entry.

5.3.1 Grouping with General String Matching

When grouping with Edit Distance and N-Gram, the same criteria was
used as in table 5.1 (using general string matching criteria when grouping
on function). However, since the isozyme classes are smaller, the criteria
with low threshold (0.7) were not used, but only those with high threshold
(0.85). The results are displayed in table 5.7.

Test Criterion ng p 1-E F MI TR s
case

28 EditDist(Definition)> 0.85 94 0.87 0.93 0.63 0.67 0.55 0.70

29 EditDist(Product)> 0.85 105 0.88 0.94 0.58 0.68 0.52 0.62

30 2-Gram(Definition)> 0.85 85 0.85 0.93 0.63 0.68 0.56 0.76

31 2-Gram(Product)> 0.85 97 0.86 0.93 0.62 0.67 0.55 0.67

Table 5.7: Test cases 28 - 31. ng - number of clusters, p - purity, E - entropy, F
- F-measure, MI - mutual information, TR - total recall, s - grouping strength.
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Compared to the results when using these criteria for grouping on func-
tion, the results were worse. Neither total recall or purity was high in any
of the test cases 28 to 31, which means that to find groups of isozymes,
criteria with general string matching could not be used.

5.3.2 Grouping with Sequence Similarity

The test cases in section 5.2.2, where sequence similarity was used for
grouping on function, 0.35 turned out to be the optimal threshold of the
4 tested thresholds. In this section, test cases are described which used
sequence similarity to find the isozyme classes. Since these classes are
smaller, only the thresholds of 0.5, 0.7 and 0.9 were tried. BLOSUM62 was
again used as scoring matrix and open gap and extend gap penalties were
again 11 and 1, respectively. The results are displayed in table 5.8.

Test Criterion ng p 1-E F MI TR s
case

32 SeqSim(Sequence)> 0.50 47 0.61 0.81 0.62 0.61 0.90 1.04

33 SeqSim(Sequence)> 0.70 55 0.64 0.83 0.60 0.62 0.83 0.98

34 SeqSim(Sequence)> 0.90 81 0.95 0.98 0.80 0.73 0.75 0.79

Table 5.8: Test cases 32 - 34. ng - number of clusters, p - purity, E - entropy, F
- F-measure, MI - mutual information, TR - total recall, s - grouping strength.

Since a high threshold produces smaller but more numerous clusters, it
turned out that when grouping on isozymes, the relatively high threshold
of 0.9 was the optimal.

5.3.3 Grouping with Semantic Similarity

When grouping on function, the criterion in test case 16 turned out to be
the best (page 61). In this section, grouping on isozymes tried this same
criterion, and a slight variation of it. The results from these test cases are
displayed in table 5.9.

The criterion from test case 16 which was used in test case 35 did not
perform well, as expected. Interestingly, when not only using the Molecular
Function namespace but also the Cellular Component namespace, and with
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Test
case

Criterion ne ng nc p 1-E F MI TR s

35 SemSim(GOf Ann + GOf

ec)> 0.95
92 26 47 0.59 0.79 0.65 0.80 0.98 1.47

36 SemSim(GOfc Ann +
GOfc ec)> 0.95
“average-of-average”

92 49 47 0.75 0.88 0.68 0.82 0.74 0.96

Table 5.9: Test cases 35 and 36. ne - number of analyzed entries, ng - number
of clusters, nc - number of classes, p - purity, E - entropy, F - F-measure, MI -
mutual information, TR - total recall, s - grouping strength.

the“average-of-averages”-approach in dealing with sets of values, the results
were a bit better, as shown in test case 36.
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“Nothing’s forgotten. Nothing is ever forgot-
ten.”

– Robin of Sherwood

6
Discussion and Conclusions

The first objective of this thesis, outlined in section 1.2, was to con-
ceptually describe a model for grouping biological data, and was done

in chapter 3. This chapter deals with the second objective, which was to
verify that an implemented prototype of the model could indeed be useful,
and discusses what insights that could be gained from the test cases in
chapter 5.

6.1 General Conclusion

The major conclusion is that the model for grouping biological data pre-
sented in this thesis is useful. The classes of both classifications, described
in sections 5.2 and 5.3, could be reproduced to a great extent, by using
different grouping criteria. The results from the test cases show that the
clusters produced by the implemented grouping prototype could correlate
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to groups of enzymes, and groups of isozymes, depending on the wishes of
the user.

However, far from every test case produced good results. When looking
at the test cases which were run on the whole dataset, if “good results”
means that F-Measure is 0.8 or more, only 5 out of 22 test cases showed
good results. What results that were gained depended to a high extent on a
large number of parameters such as grouping attribute, similarity function,
threshold and preparation steps. For an inexperienced user it could be
difficult to know which parameters to choose.

Still, when an optimal set of parameters had been found, the classes
were indeed possible to reproduce by the implementation. Using sequence
similarity, both clusters of proteins with similar functions and clusters of
isozymes were possible to produce (the F-Measures of the best test cases
were 0.94 and 0.8, respectively). Semantic similarity combined with 2-Gram
produced clusters of proteins with similar functions with an F-Measure
of 0.8, and when looking only at data entries having one or more GO
terms, semantic similarity scored an F-Measure of 0.99 at best. The use of
grouping even proved able to produce biological observations, for example
that only parts of the amino acid sequences of two proteins need to be
similar for the proteins to have similar functions (section 5.2.2).

In the following section, some insights about what parameters led to
good grouping results are outlined.

6.2 Insights

This section describes some insights made during the evaluation of the test
cases. It explains why some test cases gave good results and why others
didn’t. Since sequence similarity and general string matching techniques
already have been used and studied for a long time (see for example [Vijaya
et al., 2003] and [Pfeifer et al., 1995]) the focus of this section is on how
ontological annotations can be used, which is a relatively new area.
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6.2.1 Data Needs to be Prepared

That data preparation is useful for obtaining better grouping results was
obvious thanks to test cases 13 to 20 (page 61). Using no preparation steps
at all, the F-Measure for the 71 data entries in test case 13 was 0.88, while
test case 16, which used only one namespace and the ec2go mapping, scored
an F-Measure of 0.99 for 92 data entries.

That using only the Molecular Function namespace produced better
results than using all three namespaces did not come as a big surprise, since
the classes were made having the function of proteins in mind. However, it
is interesting that in [Speer et al., 2005], although clustering based on the
functions of genes was aimed for, the authors chose to use GO terms only
from the Biological Process namespace. This is because the authors of this
paper used the term function in a broader sense, which better correlated to
the Biological Process namespace than the Molecular Function namespace.
It shows clearly that different intentions of the grouping procedure need
different preparation steps.

Detailed examination of some of the clusters in test cases 15 and 16
(not displayed in this thesis) showed the reason to why the ec2go mapping
was better to use than the spkw2go mapping. It was observed namely
that the Swiss-Prot keywords used in Keywords are mostly relatively
vague and unspecific. Typical keywords are for example Lyase and Iso-
merase, which were mapped to the unspecific GO terms lyase activity
and isomerase activity respectively (in the Molecular Function name-
space). The EC number 5.3.1.1 was however mapped to triose-phosphate
isomerase activity, which is more specific than isomerase activity.
Since the function-based classification better correlated with the precise-
ness of the EC numbers, the ec2go mapping was more useful than spkw2go,
in this situation.

Although the intention was to remove unspecific terms and to keep only
the more specific ones, the removing of ancestors did not turn out to affect
the grouping results (compare test cases 17 and 18). Whether or not the
removing of ancestors can be useful in other situations remains to be found
out.
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6.2.2 Semantic Similarity using Gene Ontology

The first observation when grouping with semantic similarity on GO terms
was of course that quite few of the data entries had any GO terms. Even
when the data preparation step of using the ec2go and spkw2go mappings
were in effect, the numbers of data entries having one or more GO term
was 93, of 190. The first limitation of semantic similarity is in other words
to have enough ontological annotations to work with in the first place.

Not shown in chapter 5 were test cases using semantic similarity with
lower thresholds. The purity, and thus also for example the F-Measure, of
these were much worse. In fact, the high threshold of 0.95, and the use of
“max-of-averages” in dealing with sets of GO terms, together corresponds
to an “exact match” of GO Terms. That is, a pair of data entries is a
doublet if the GO terms of one of the entries is a subset of the GO terms
of the other entry. If the sets of GO terms from two entries are X and Y , a
threshold of 1.0 and “max-of-averages” together imply that the two entries
are a doublet if X ⊆ Y or Y ⊆ X. Since this high threshold and way of
dealing with sets of GO terms turned out to be the optimal (test case 16),
it shows that the function-based classification is best reproduced by this
kind of “exact match”.

The insight described above also explains why it didn’t matter which
semantic score function was used. As the ontological distance between
two ontology terms grows, the different score functions behave differently.
However, they all give the value of 1.0 if the distance is 0, which was all
that mattered in this situation.

One interesting observation about semantic similarity was its ability to
cooperate with another similarity function. In test case 27 (page 64) a
combined criterion using both 2-Gram and semantic similarity was used,
that had better results than when 2-Gram was used on its own. Since
both 2-Gram and semantic similarity produced results with high purity,
it was “safe” to combine them (with the operator or). That is, no extra
false positive would be found (purity would stay high). If the clusters
found by 2-Gram were the same as those found by semantic similarity, the
results would be the same. If they were not, total recall (and therefore also
the F-Measure) would be higher. As it turned out, F-Measure did indeed
rise, which means that 2-Gram and F-Measure found different clusters, and
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complemented each other.
Note that the above insights are applicable only to this particular sit-

uation. Whether or not it can be useful to be able to choose for example
score function is still to be determined.

6.2.3 Different Intentions need Different Criteria

Not surprisingly, the different classifications, which corresponds to what
the intentions of the grouping procedure were, were optimized by different
criteria. While the function-based classification was reproduced well by
the combined criterion of 2-Gram and semantic similarity (in test case 27)
and by sequence similarity with low threshold (test case 11), the isozyme-
classification needed sequence similarity with high threshold (test case 34).
It shows that different intentions of what the grouping procedure should
result in demand different criteria. This is not a drawback however, since
it shows that a user can get what groups he or she wants by using criteria,
which was how the idea of criteria was intended to be used, explained in
section 3.3.3.

6.3 The Usefulness of the External Quality
Measures

During the evaluation of test cases, it was observed that F-Measure seems
to be the best overview measure of the results (that is, a measure that
summarizes both purity and total recall). The other overview measure,
mutual information, suffers from the fact that it can only be 1 if the classes
are balanced, and thus depends on the number of entries and classes. This
makes it impossible to compare mutual information between test cases,
unless the test cases use the same number of data entries and classes.

Although F-Measure gives good overview information, it is usually in-
teresting to examine more in detail what is good or bad in a test case. For
this purpose, purity or entropy together with total recall seem useful. The
grouping strength measure is hardly informative at all as long as total recall
or F-Measure is used. Bad strength implies bad F-Measure anyway, but
bad F-Measure does not imply bad strength. For example, if two classes
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are {D1, D2} and {D3, D4} but the clusters {D1, D3} and {D2, D4} are
found (which is a bad result), the strength would still be 100%, indicating
a good result.

6.4 Future Work

During the work on this thesis, some ideas and questions came up that
never had the time to be addressed. In this section, some of the most
important of these are outlined, which show some directions in which the
work of grouping biological data could be continued.

6.4.1 Semantic Similarity, Parameters and Approaches

Although the implemented semantic similarity function used 3 parameters
(pu, pd and po, section 4.3.2) to weigh different types of ontological rela-
tions, it was never tried out what impact these had. How would different
values of these parameters influence the grouping results, and was there a
point in dividing the is a relation into is a-ups and is a-downs?

Other changes of the semantic similarity function could also to be to use
a different semantic score function, or to change the approach altogether
and instead use for example the information content model.

6.4.2 Correlations of Settings

The way the test cases described in chapter 5 were carried out, they ex-
amined one setting at a time. However, the settings are likely to affect
each other. For example, high values of the semantic similarity score func-
tion parameters (pu, pd and po) give a “generous” similarity function (the
similarity is high even though the distance is long) which in turn probably
works best if the threshold is also high. Low parameter values probably
work best with a low threshold. In order to find out what combinations of
settings that influence the grouping results, a statistical analysis could be
performed.
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6.4.3 Computational Efficiency

Although it was mentioned in section 3.3.1 that for example pre-clustering
or sorting techniques could be used to increase the efficiency of the grouping
procedure, the implemented prototype uses no such technique. In order for
a grouping system to be not too time-consuming, such approaches could
be explored.

6.4.4 Additional Resources

At the Gene Ontology Consortium’s web page1 all annotations for data
entries in Swiss-Prot can be downloaded. Using this resource, the data
entries that originated from Swiss-Prot in the test dataset could have had
many more GO terms than the ones provided by for example the spkw2go
and ec2go mappings, and the results might have been different.

Also, since isozymes are enzymes that often are expressed in different
tissues, the isozyme-classes might have been better reproduced if seman-
tic similarity was applied on the attribute Tissue Specificity, using the
’BRENDA Tissue Ontology’ (BrendaTissue.obo) or the ’Cell Type Ontol-
ogy’ (cell.obo). However, since the information about tissue specificity
(found for example as a sub-attribute under the Comment attribute of
Swiss-Prot entries) often contains long textual descriptions rather than of
a list of terms, some sort of data preparation step would be needed to
extract the needed ontological terms.

Another ontology that could be useful is ’Chemical entities of biological
interest’ (chebi.obo), especially when comparing enzymes with an attribute
like Catalytic Activity.

The ontologies mentioned here are all parts of the OBO project, and
can be found at http://obo.sourceforge.net/.

1http://www.geneontology.org/

http://obo.sourceforge.net/
http://www.geneontology.org/
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