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Introduction

Recent advancements in technology have changed reseamse @ molecu-
lar biology. Fully sequenced genomes of versatile orgasisetome available at
great pace. A modern biologist no longer needs to concentrat single gene.
High-thoughput technologies such as microarrays produmepg with hundreds
of interesting genes proven similar in some sense. A commestgpn to ask in
this case is whether there is something else similar to thejpesides expression
values.

New issues arise with the ever-growing amount of availalata.d Genetic
information is scattered in various databases and ofteonaganied with termi-
nological confusion. Gene Ontology (GO) was establishealddress this prob-
lem. GO consists of controlled hierarchical vocabulariegemetic domain. GO
is structured as a Directed Acyclic Graph. Many researchnoonities use GO
terms for annotating genes to known processes, compornemfsiactions.

This Master's Thesis investigates methods for mining Genmlogy and re-
spective gene annotations, to determine common annasgtiangroup of genes.
First chapter gives a brief introduction to biological neast and proposes a model
for combining GO data with biological pathway databaseso8d chapter inves-
tigates statistical means for ontology mining, and propdkeesholds for recog-
nising signi cant results from random matches. Third cleajgtescribes fast min-
ing algorithms, and introduces novel concepts of analysidgred gene lists and
mining signi cant subgraphs.

Practical result of this Thesis is GOSt, a Gene Ontology mgnool. Fourth
chapter is dedicated to usage and features of GOSt. It dbesarommon options,
sample output, and expression data analysis pipeline.aW&ation is often the
key for understanding and interpreting biological data.h&%e put great effort in
making complex results understandable to users, and cangglialisation to be
among the strengths of GOSt.






Chapter 1
Gene Ontology (GO)

This chapter starts off with the biological background of mark. We give a
brief overview of the controlled biological vocabulariesimtained by Gene On-
tology Consortium, followed by an introduction to biologigpathway databases
and related gene annotations. We propose a model for comgbihe two data-
sources, and nally provide a motivating example for lacge analysis of ge-
netic data with GO and KEGG vocabularies.

1.1 Biological background

Recent developments in molecular biology have broughtgabomexplosion
in the amount of available data. Sequencing race began i6 M8 the re-
lease of the genome &accharomyces cerevisiaehigher model organism com-
monly known as baker's yeast. The completely sequenced hger@ome was an-
nounced in 2003, containing approximately 3 billion basesp@nd25000genes
[NHG]. At the time, numerous other animal genomes are fuligilable, while
others are still at different stages of completeness.

Information gained from completed sequences of variou®ges suggests
that there exists a single nite superset of genes and pret@nost of which are
conserved in many or all living cells. This recognition head to uni cation of bi-
ology. Known properties and functions of genes and proteiasspeci c genome
contribute to the general knowledge base, as it is likely fwailar functions
are expressed in homologous genes of many other diverseismga[ABB' 00].
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Relevant information can be extracted from previously proxesults with well-
known model organisms, and used for studying more complegmes.

Unfortunately, the pace of at which new genomes are seqdeniten ex-
ceeds the speed of organising and cross-referencingrexiéita. Biological in-
formation concerning genes, proteins and their functisrmimarily available in
numerous genome-speci ¢ databases and maintained byatfferganisations.
Moreover, there is often no clear understanding or agreeoogicerning common
genetic terminology and functional descriptions of biatad objects. Therefore,
the task of nding relevant genes of similar function may hete challenging.

Gene Ontology (GO) Consortium was established to addresaltbve prob-
lems. The primary goal of the consortium is to maintain andetig a con-
trolled and organism-independent vocabulary of the mdéeduiology domain.
Such vocabulary provides a hierarchical collection of ®rito describe general
as well as speci ¢ molecular functions, cellular comporsesutd biological pro-
cesses [ABBO0O, ABB" 01, ABB" 04]. GO project was initially a collaboration
between the Saccharomyces Genome Database [SGD] of bgkass, Mouse
Genome Informatics [MGI] of common house mouse, and Flyhak¥], the
database of fruit y. More databases joined the consortiatar] and many other
data sources are using the ontologies today for identifggrges and proteins by
their functionality. Vocabularies and gene annotatiorsfegely available at the
GO Consortium web site [GO].

1.2 Ontology design and implementation

The concept of ontologies in computer science was rst ihtaced in research
related to Arti cial Intelligence and Knowledge-Based 8yss with purpose of
sharing knowledge and improving communication betweeepetdent systems
[Gru93].

According to Genesereth and Nilsson, a body of formallyespnted knowl-
edge is based ooonceptualisationobjects, concepts and other entities that are
assumed to exist in some area if interest, and relationshgdold among them
[GN87]. The speci c area of interest is often referred todasnain and objects
are known aserms

Ontologyis an explicit speci cation of conceptualisation. An ordgly con-
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sists of a set of terms represented in a given domain, antlorethips that hold
between terms. Knowledge concerning objects and relatgoe®red in a rep-
resentationavocabulary[Gru93]. In addition to objects and relations, ontology
holds respective human-readable descriptions, and faamiams that constrain
interpretation and use of objects and relations.

Gene Ontology vocabularies are structured in a foriicgcted Acyclic Graphs
(DAG), directed graphs with no path starting and ending atsame vertex. A
vertex of GO graph corresponds to a biological term, andectid edge between
two terms shows that one term is hierarchically related ¢odtiner. Such graph
represents hierarchical structure resembling a tree péxhat each child vertex
may have more than one parent vertices. The situation thpéa s term is a
child of multiple broad terms, captures well the biologikzlity [ABB* 01].

Two types of parent-child relationships are de ned in GOld&en typeis_-

a describes the fact that child term is an instance of parehilewelation type
part_ofdenotes that child term is a component of parent. A child teray have
different classes of relationships with its parents. Exeryn has a unique identi-

er (G0O:0000001 ) and a name. Besides these, a number of optional properties
may be de ned.

There are a few GO rules and guidelines to be followé&tle Path Rulas
the most relevant guideline in the context of this work. #tes that for any given
child term, the path to its top-level parent must always be.tiTherefore, every
parent term means of the union of its child terms. In case dfiphe parents,
all paths from a term to top hierarchy have to be veri ed. Araexle of GO
hierarchy is available in Figure 1.1.

1.3 Three ontologies of GO

As stated in above de nitions, an ontology represents keodge of a speci ¢
domain or an area of knowledge. Gene Ontology maintainshtdades of three
domains, Molecular Function, Biological Process and dallGomponent. These
particular classi cations were chosen because they reptesformation sets that
are common to all living organisms. Vocabularies are deyadiofor a generic
eukaryotic cell; specialised organs and body parts areapoesented [ABBO1].

It is correct to say that Gene Ontology consists of threepeddent vocabu-
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Biological
rocess
[GO:0008150]

Physiological

Cellular process

[G(l)):r%;_sssz] [GO:0009987]

Development
[GO:0007275]

Cellular

physiological
roce ss

[GO:0050875]

Death
[GO:0016265]

Aging
[GO:0007568]

Cell death
[GO:0008219]

Cell aging
[GO:0007569]

Progressive
alteration of
chromatin
during cell aging
[GO:0001301]

Age dependent
general metabolic
decline
[GO:0007571]

Figure 1.1: A fragment of GO hierarchical vocabulary demonstratindedént relation
types, multiple parents and True Path Rule. The conceptlbfagingis a part ofcell
deathand at the same time, a more speci ¢ termaging All 8 ancestors o€ell aging
must always be true when the term itself is true.
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laries of different domains. Each vocabulary has one raot tend there are no
parent-child relations linking vertices of different oldgies.

Molecular function(GO:0008639 , MF or F) is de ned as what a gene
product does at biochemical level. Domain terms only sgeftihction,
location and time of event remain unde ned within ontology.

Biological procesgG0:0008150 , BP or P) refers to biological objective
to which a gene product contributes. A process is acconmgdisly through
one or more ordered assemblies of functions, often invgltiansformation
of biological matter.

Cellular componen{G0O:0005575, CC or C) refers to place in cell or
extracellular region where a gene product is found or wheeeptoduct is
active.

Two types of terms deserve further attention. Every domaseharunknown
term just below root; it is meant to hold genes and gene ptsdbat have been
investigated, but no knowledge of the domain has been rededfrom time to
time, some terms are marked @ssoleteas biological knowledge evolves; these
terms are removed from active vocabularies and placed wibeletaerm of the
domain in question.

GO Consortium explicitly states that Biological Procesmdm is not equiv-
alent to a biological pathway and describing a pathway thindhe necessary dy-
namics and dependencies between processes and functimy®isd the scope of
the GO project [ABB 01]. GO Consortium recognises that there exists a bhiolog-
ical relationship between a series of molecular functiona biological process,
that unfold in a certain component of a cell. This means thextet are in fact nu-
merous interconnections between three independent demiwen though GO
could be logically expanded to re ect states, operatiorss@mponents of cells,
current goal of the project is to concentrate on the devetyrof three indepen-
dent and precise collections of terms [AB&L].

In current work, we give a brief introduction into biologigathways and then
propose a simple model for integrating knowledge from Gen®logy vocabu-
laries with pathway databases such as KEGG.
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Figure 1.2: Histogram of GO terms for different DAG levels. Terms arewghanly

if annotations of xed genomes exist. Out of nea@000GO terms,8785are either
annotated to humarHpmo sapiens6754 terms), house mousé{us musculus6424
terms), or baker's yeasg@accharomyces cerevisja#041 terms). More thaB600terms
are common to all three organisms, while ne&@4#6 of mouse terms are also annotated
in human.

On March 28', 2006, GO vocabularies consisted18¥604terms, including
10517terms of Biological Proces4,688terms of Cellular Component ari899
terms of Molecular Function [GO]. There were 1001 obsoletms not included
in the above statistics. The longest path from child to roebives15 edges, but
most of the terms are normally distributed on middle levElgire 1.2). Ontolo-
gies are by no means complete and continuously expandeaagtincmllaboration
of many organism-speci ¢ databases. Gene Ontology welpSi€] releases a
new vocabularies snapshot in every 30 minutes.

1.4 Gene annotations

In addition to three ontologies of Molecular Function, Bigical Process and
Cellular Component, Gene Ontology involves links betwe€htérms and genes
or gene products. These links are commonly referred mastationsor some-



times asassociationsAnnotations are maintained and developed independent of
GO [ABB* 00].

GO Consortium maintains annotations of three model orgasisf found-
ing members, namely baker's yeg&accharomyces cerevisiagommon house
mouseMus musculusnd fruity Drosophila melanogasterGO annotations of
numerous other genomes, including human, are now avaifatie respective
organism-speci ¢ reseach communities.

Every annotation to GO is attributed to a source, which mditémture refer-
ence, another database or computational analysis. Anmotaust also indicate
the type of evidence, provided by the source to support &gsmtbetween given
genetic entity and GO term. A standard seteofdence codews available for
qualifying annotations with respect to different types mperimental conditions
[ABB* 04].

Evidence codes provide means to describe a range of diffesgeriments
varying fromin vitro® techniques as direct assay, to purelgilico’ methods for
determining sequence alignments and string similarity. D site includes a
comprehensive annotation guide for evidence codes andgesa loose order of
decreasing reliability [GO]. A histogram of evidence codesoss yeast, mouse
and human gene annotations is available in Figure 1.3.

Two evidence codes deserve further discussion. Eviderdelnterred from
Electronic AnnotationIEA) is meant to describe results that are gained from
completely unsupervised computation. Such annotatiodscanclusions from
these should therefore be treated with care.

Evidence codeéNo Biological Data AvailablgND indicates that a gene or
product has been researched, but no information to suppg®@® &erm was dis-
covered. Genes witNDevidence code are annotated to the spesighowrterms
described in the previous section. It is common tHBin one vocabulary is used
in conjunction of one or more 'normal’ evidence codes in ot@cabularies. For
example, it may be known that a certain gene product is daetivaside cell nu-
cleus, but nothing is known about its molecular functionrmmoived biological
process.

ILatin: "within glass"; biological experiments performeta test tube, or generally outside a

living organism or cell.
2Latin: "within silicon"; a general term for any computatameans in biology.



Evidence code histogram

T T
atipns  m—

atipns )
gtipns  m—
dtions 1|

T T T T
Yeast direct anno

It

140000 Mouse direct annot:
1

It

Human direct anno
Yeast all anno

120000 Mouse all annotatipns

Human all annotations —1

100000

80000

60000

ouse 1EA 233641
Human IEA 485096

number of gene/term pairs

40000 —1

20000 H .

:Lllﬂml‘ SN |

IC TAS IDA IMP IGI IPI ISS IEP NASRCA IEA ND NR
Evidence code

Figure 1.3: GO annotations histogram for different evidence codes afyenouse and
human genomes. Filled boxes represent direct annotatwinide the transparent area
above lled boxes represents annotations via True Path.Rl#® see Table 4.1.

One of the most important guidelines of GO is the previouglyadibed True
Path Rule. In the context of annotations, the guidelinetsrpreted as follows.
Every gene or gene product that is annotated to a speci ¢ tei@ene Ontology,
is always annotated to all term's parents up to top-levedpiausing all possible
paths from term to root [ABBO1].

Such indirect True Path annotations are not provided in G@se#s and there-
fore are to be added explicitly. True Path Rule also expltieseed for storing
several evidence codes for any gene-term pair. Besidesathéhfat different ex-
perimental results may support exactly the same annotdgoms located in top
hierarchy get repeated indirect annotations of same geaekfierent paths.

Figure 1.4 displays a histogram for term sizes in sense obtated genes.
For every organism, there numerous highly specialisedgesith only a few
annotated genes, while larger groups are more uncommogestagroups on the
right side of the gure represent root terms, each of thesgaining the union of
its descendants' annotations.
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Figure 1.4: Histogram of annotations per GO term, for human, mouse, aabty
genomes.

1.5 Biological pathways

According to Karp, @athwayis a linked set of biochemical reactions, where a
product of one reaction is a reactant of, or an enzyme thalysats, a subsequent
reaction [KarO1]. In other words, a pathway is a biochemjalcess that can
be partitioned into component steps [Sch04]. Small metalpybcesses with
just a few reactants, as well as macroprocesses involvingreds of molecular
components with the cooperation of multiple cells, are camiyn described as
pathways [Kar01].

Metabolic networks are currently the most well-studieddmyical pathways.
A metabolic networks essentially a chemical processing factory within eadh ce
that enables the organism to convert small molecules frarettvironment into
building blocks of its own structures, and to extract endrgyn those molecules
[Kar01].

Sequence of steps comprising a pathway is rarely a simparisequence,
as a single reaction often requires multiple inputs andtesemultiple outputs. A
pathway may contain redundancy, as multiple parallel sefievents produce the
same biochemical result. On the other hand, a single m@ecamponent can be
multifunctional and involved in multiple pathways with ftifent goals. Pathways
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Figure 1.5: KEGG pathway00010 for glycolysis and glyconeogenesi$he pathway
involves 48 genes in yeasth5 genes in mouse, ang3 human genes. The genes have
signi cant overlaps with other genes in pathways and GO ®&jadal Process terms.

12



may also be competitive; activities of one pathway may retite other pathway
inactive, as the rst one consumes, binds or deactivateses@source on which
the second pathway depends [Sch04].

A mathematical representation for a pathway is a directaghgrthat at a high
level displays the cause-effect dependencies among thpaments. It has been
more common to display molecular components as nodes ohgnag underly-
ing events (reaction, modi cation, translocation, tramstton) as edges between
nodes [Sch04].

1.6 Pathway databases and integration with GO

One may argue that the most natural embodiment of pathwaylkdge is the
related set of biomedical literature. As most of this litera is available in elec-
tronic form, a lot of knowledge can be extracted automdiiaasing techniques
of text mining. However, there are serious limitations tis tpproach. Despite
the many advantages in the eld of natural language proongsshe raw output
of text mining is not suf ciently precise and and it takes greffort to complete
even the simplest queries on the pathway data [Kar01].

Relational databases are nowadays the most common way rofgsfmath-
way data. Most pathway databases were initially createceszribe metabolic
pathways, but databases with signalling and genetic-a¢gyl pathways are ap-
pearing as well. Comparative analysis of some pathway datahis available in
[Sch04]. In our current work we study the pathway data froenfthe Kyoto Ency-
clopedia of Genes and Genomes (KEGG). KEGG is a knowledgefbasystem-
atic analysis of gene functions in terms of networks of gemekmolecules, that
provides means of linking genomes to biological systems$0®, KGH" 06].
KEGG database is publicly available on their web site [KEG].

KEGG resource consists of 4 major components. GENES daabascol-
lection of gene catalogues for all complete genomes and gam@l genomes.
LIGAND database describes building blocks of the biocheinspace, such as
enzymes, chemical compound structures, reactions andstbstances in living
cells, as well as a set of drug molecules. PATHWAY databassists of a col-
lection of pathway maps, while BRITE database holds a cie®f hierarchies
and binary relations that correspond to rules governingggmme-environment
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interactions in pathways [KGHD6].

In current work, we are most interested in the KEGG PATHWAYatiase,
that holds a collection of manually drawn pathway maps fotainelism, genetic
information processing, environmental information pssieg, various other cel-
lular processes and human diseases [KG6]. Every pathway in KEGG is iden-
ti ed with a ve-digit code (00010 ) and described with a namglycolysis and
glyconeogenesjsOrganism-speci ¢ pathways are automatically generateskd
on the generic pathway maps by matching genes from the cmgancatalogues.
Pathways are partially distributed into classes and sabel For example, the
broad clasanetabolismis divided into subclasses likenergy metabolispmu-
cleotide metabolisiretc. Each of the subclasses holds a number of pathways, for
examplesulfur metabolisnis a kind of energy metabolism.

Hierarchical relations within the set of KEGG pathways sgiga model for
integrating pathway data into Gene Ontology model. GeneolOgy consists
of three independent ontologies, namely Biological Precktolecular Function
and Cellular Component. We add KEGG pathway data into Gerel@yy data
model as the % independent ontology of Pathway (PW). The fourth ontoloay h
the following GO-compliant properties.

The set of terms in PW ontology is equal to the collection cdiladle
organism-independent pathways. All terms have a uniquetide The
identi er in our model includes the pre x 'KEGG:'KEGG:01150) to dis-
tinguish it from GO terms.

The set of gene annotations of a pathway is the collectiorenég mapped
to organism-speci c version of the pathway.

Terms and annotated genes of PW ontology are created indieypidy) and
hierarchically unrelated of the three remaining ontolegie

Every parent term in the PW ontology explicitly includesta# annotations
of its child terms.

The top-level root term PW ontologgEGG Pathwayswith the identi er
KEGG:00000 holds all genes present in KEGG pathways. This termis a
placeholder, as no such general term currently exists in G E&tabase.
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Proposed model makes it possible to analyse Gene Ontolagg &nd path-
ways simultaneously, and determine possible intercororextand correlation
within related gene annotations. The model is not limitedKEEGG database;
other pathway databases as well as different types of krlg&lesuch as protein-
protein interactions may be integrated.

The idea of combining GO with other sources of genetic kndg#sis not new.
Queries over KEGG Pathways are enabled in GO tools like DAGDSH' 03]
and GFINDer [MMPO04]. Knowledge from the protein familiestalaase Pfam
[BCD™* 04] is available in these tools as well; the latter tool alsdudes data
from OMIM, the catalogue of human genes and genetic diseth3A" 02]. Fur-
ther developments of this work involve studying above dasals as well as other
sources, and integrating those into our proposed data model

On the one hand, we recognise that viewing a pathway as aruanstd set
of annotated genes greatly simpli es the picture, as weediard internal depen-
dencies, chemical building blocks and internal rules ofdvébur. On the other
hand, a high-level overview of participating pathway gen#h combined data of
molecular functions, biological processes and cell lacegimay help to hypothe-
size about more general ideas of the biological domain.

1.7 Application of GO: Gene expression analysis

This subsection gives a brief introduction into gene exgoesand involved
experiments in the context of Gene Ontology mining. We pitevnotivation for
large-scale GO analysis of gene sets. However, detaileghinsto the matter
falls out of the scope of this work. The section is based omanductory bioin-
formatics web material [BPSSO01].

Gene expressiois generally the process of producing proteins from informa
tion stored in genes. Proteins are fundamental buildingksaf known living
organisms. Therefore, gene expression mechanisms, mrsddand alternative
variants are subject to some of the most relevant (and oft@amswered) ques-
tions of life sciences.

Various examples of gene expression combined with GO aisadys avail-
able, for exampl&Zhang et alstudy expression in mouse tissues, and construct
corresponding groups of GO terms from Biological Procesaalo [ZMC' 04].
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Figure 1.6: Mouse microarray slide withi5000cDNA spots in an hybridisation experi-
ment

At the time, microarray technologyis the principal method for evaluating
gene expression. The technology takes advantage of pnéédrginding of com-
plementary single-stranded nucleic acid sequences. DNrishally a double-
stranded helix with connected opposite strands of compitamg sequences. A
single strand of DNA will therefore easily bind to its comiplentary sequence.

A microarray (Figure 1.6) is typically a square glass slide in size of a few
centimetres, onto which single-stranded DNA moleculesatached at xed
spots There are often tens of thousands spots on an array, aridmaitf DNA
molecules on a spot. Such arrays are now widely produced toynacial insti-
tutions such as Affymetrix [AFF]. All molecules of a givenatpdeally represent
the sequences of the same gene, and all spots correspome®igehe genome.
However, not all molecules in spots are of same quality, artchth sequences on
the array are actually known.

One of the most popular microarray applications involvesigarison of ex-
pression in two different hybrid samples, for example, mR&k&racts from dis-
eased and healthy instances of a speci c cell type. Extraaslabelled with
uorescent dyes, usually green and red, and washed overttag ®ue to prefer-
ential binding, extracts of both diseased and healthy bélld to complementary

16



sequences on the array, and extracts' uorescence indicgiets on array that
have sequences actually activated in cells. One activeittmmdyes the spotin a
shade of either red or green. If both of the conditions atgitlae spot, it appears
as a yellow shade; if the gene is not expressed in eitheriyeaittdiseased cell,
the spot remains black. Coloured spots are then scannedhiriagsers as values
of relative gene expression.

Second step of expression analysis combines single mresoaxperiments
into groups. One common approach involves analysis of tenes, where gene
expression in a cell is measured in multiple consecutivepomnts ; another
approach gathers together several experimental conglitiofor example muta-
tions, disabled genes (knockouts), etc. Expression vaogsr genes in multiple
datasets are normalised into expression matrig.

0 1
1 2 m
01 &y €y, 1O €1 m
E= 92 €p;1 €. it G
g i1 .
On €y G 0 &

Genes in the expression matrix may then be de ned through éixpression
vector,g = (e,;e,;:::e ). Different measures, such &siclidean distancer
correlation, may then be used for calculating distances between gerns&nbe
de nes the expression similarity of two genes; the more ksindre the genes, the
smaller is the distance between them.

Similarity measures allow to split expression dataset smaller groups of
genes. For example, one may pick an interesting gene and mahaber of its
closest neighbours based on expression similarity. Therenare sophisticated
methods;clustering for example, attempts to split the given dataset into mean-
ingful groups - clusters - so that objects inside a clustervary similar to each
other, while objects of different clusters are very differeA good overview of
various clustering techniques and a novel method for fgstaqimate clustering
is given in [Kul04].

As expression datasets are large and there are various asdfitrosplitting
the data into smaller subsets, such experiments normallytran innumerable
groups of genes that have displayed biological evidence tésimilar” in some

17



Example of expression: mouse genome, |G[=17024, |T|=6597 Example of expression: mouse genome, |G[=17024, |T|=6597 Example of expression: mouse genome, |G[=17024, |T|=6597

Expression level

Time (days) Time (days) Time (days)

Figure 1.7: Figures display fragments of mouse embryonic stem celleesspon data, in-
volving 9 time points acros$0days. Genes are grouped with hierarchical clustering (top
image), and by sorting closest similar genes (bottom imadd®e 724 genes in hierarchi-
cal clustering have a signi cant fraction annotatedigan developmerfG0O:0048513 ).

A large subset of the group on bottom leftmost plot is knowtate part incell differen-
tiation (GO:0030154 ). This group also includes two previously unannotated seges.
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sense (Figure 1.7). The most common question in this caséesher there is
anything else common to a group besides expression sityilari

This question may be answered with the help of controllechkataries as
GO and KEGG. Interesting biological information is oftervealed when one
observes known annotations of a group of similar genes. Gengs may be fur-
ther clustered, based on annotations in the group. If a wabtated and similarly
expressed gene group includes some unknown sequencesyiaigbe strong sta-
tistical evidence that suggests annotation for the unkne@guence. Known cel-
lular components and molecular functions of a gene group aithya researcher
in investigating biological processes or improving exigtannotations.

Methods are needed for determining common Gene Ontologytations and
biological pathway references to a group of genes. Suchadstheed to be fast
in order to enable large-scale simultaneous analysis ofenoms gene groups.
Statistical means and other measures are required foragiaduhe signi cance
and importance of annotations resulting a group of genes.
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Chapter 2
GOSt - Gene Ontology Statistics

Previous chapter contained a brief introduction into highvecal vocabularies
such as GO and KEGG, and corresponding gene annotationsrolelgd some
biological background of the matter and described an examwipicroarray ex-
periments, where a researcher would pro t from fast methodsding common
GO and KEGG terms for a group of genes.

This chapter constructs a mathematical model of vocaladamd annotations,
de nes queries of genes and results of terms, and providessier assessing the
importance of results.

2.1 Gene Ontology representation

Gene Ontology consists of controlled hierarchical vocabes for three inde-
pendent domains of Biological Process, Molecular Fun¢aod Cellular Compo-
nent. We have added the KEGG Pathway domain as'theogabulary. Vocabu-
laries are represented as Directed Acyclic Graphs, whemy @ertex corresponds
to a term of the vocabulary, and the edges between termsilgesoerarchical re-
lations between general and speci c terms (Figure 1.1).

It would be correct to treat every domain to be an independscdbulary and
represent it in a different graph. In current work, we usenapé model and
consider the four independent ontologies of BP, MF, CC andaBWne vocabu-
lary stored in a single DAG. We store the domain of every weréad apply the
condition that there may be no edges connecting verticesfefeht domains.
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Let us de ne a hierarchical vocabulary as a tripletThe three elements M
are sets.T is a set of vocabulary terms. is a set of hierarchical relation types
that may hold between terms.

V=(T; ;R)

First two relation types in are speci c to Gene Ontology. First relation tylsea
de nes child as a more speci ¢ version of the parent, whilea®l typepart_of
declares child to be a component of the parent. Third typegsreericchild_of
child-to-parent type, introduced to bind terms in the neatided KEGG Path-
ways domain, as relation types are originally not specieKEGG.

= fis_a;part_of;child_ofg

The third elemenR contains term relations that de ne the actual hierarchical
DAG structure of the vocabulary. Every elemerin R may formally de ned as
the following triplet.

r=(tt% )
Informally, R contains a number dhctsr, each stating that a given terms a
child of another ternt® where both of the terms are in the term $etand there
is a speci ¢ parent-child relationshipbetween the terms, for examples _a t°
We should also note that the relationship is unique for argparent-child pair,
meaning that there can be only one fact (t;t% ) for any given pair of parent
term and child term.

Vocabulary holds exactly one top-level tetgpfor every domain of MF, BP,
CC and PW. These terms are caltedts. Roots do not have parents; the collection
R does not contain facts where anytgfis a child. All other terms are either
directly or indirectly related to roots, and as stated abtarens are only related to
their domain-speci c root. Connecting edges between teshasfferent domains
are not allowed.

We may combine facts in the detto de ne some more useful sets. The DAG
structure allows to de ne hierarchical relations, so thgheen termt is a child of
multiple terms. LefT; be the set oparentsfor termt. This means that we need
to observe all relation facts containingt as a child, and collect all parentin
these facts. Note that for a root tetgy the set of parents is empfl, = ;.

T, =ft°2 Tj9 2 :(tt%R)2 Rg
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The set ofchildrenfor a given ternt may be de ned in a similar way.

In order to understand and apply True Path Rule, we also dineset ofan-
cestorsof termt as the seT’ This set is de ned iteratively; we need to collect
parentsT, of a termt, and then grandparents of tetpparents of these grandpar-
ents, and so on, until we reach root tetgrthat by de nition does not have any
parents. [
2= T, [ T

102 T,
For a root ternty, the set of ancestors is also emﬁlfb‘g, = ;. The set ofdescen-
dantsmay be de ned analogously as an iterative union of childi@rldren of
children, etc, of ternt.

As any term may have multiple parents, every level of hignarmay involve
multiple paths to root. All such paths need to be veri ed witellecting the set
of ancestors. The DAG de nition states that the structurg mat involve loops.
This means that no terormay have another related tetfthat is simultaneously
its ancestor and its descendant. The temust not have itself among its ancestors
or descendants.

2.2 Annotations and True Path Rule

Informally, an annotation is the link between a ggnand a vocabulary term
t. Annotations of genes to GO are maintained independentBfFurthermore,
annotations of different organisms are independent of ettwr, and incorporate
different subsets of vocabulary terms.

A collection of annotations can be written as the quadrépl&very element
in the quadruple is a set. The ggtincludes all genes of the genome of a given
organism. The séig T consists of such vocabulary terms, that are directly an-
notated in the given organisrividence codem E are relation types, presenting
different types of knowledge that support annotating a ggtoea termt. Role of
evidence codes is similar to previously de ned relationgym .

A =(G;Tg;EA)

The fourth element in the quadrupfe is A, that in its essence is the same as
R de ned in the previous section. The s&tcontains a collection of facts, that
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declare a given geng to be a representative of a GO/KEGG tetmThe fact
may more formally be written down as a tripletwhere 2 E denotes type of
evidence used to declare the fact

a=(g:t; )
Unlike hierarchical relations between vocabulary terms, a gene-term annotation
pair may be supported by more than one evidence code. Inwthrds, there may
be several facta with different evidence codes; »;::: for gene-term pair.
True Path Rule of GO states that for every termall paths towards the root
termty must remain true. Any gene directly annotated to a term meiskblicitly

annotated to all ancestors bf Let us extend the collectioA to A% so that it
complies with True Path Rule.

A=(GTgEA IA °=(GTEAY

Firstly, we need to update the collection of faatinto A°and make it compli-
ant with True Path Rule. For every faat= (t;g; ) 2 A binding a gengy and a
termt, we need to observe all the ancestors of texna all paths to root, and add
geneg to these ancestors with the same evidence codéis is another reason
why a single pai(g; t) may propagate a number of different evidence codes.

A’= A[f (t1%9;)2Te G Ej9t2Tg:(tg; )2A~t°2TY

Secondly, we need to update the set of tefigsinto T¢. It is important to
know that genes are normally directly annotated to the mpstic and exact
terms low in hierarchy. Other annotations to the parentsaaruestors are to be
added explicitly. The set of termig may lack some terms on paths to root that
are not directly referenced in annotations. These termd teebe added as well;
the new set of term$¢ includes all directly annotated terms of the genome, plus
all ancestors of these terms.

T2 =Tel [ T?

12T

2.3 Annotation sets and querying

It is useful to compose some new sets based on the collectifects A°
de ned in previous section. We are interested in genes ofjémomes annotated
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to a particular ternt. We denote this sdB;, the annotation sebf termt. We
compose this set by observing all faet® A°that contain ternt, and collecting
all genes in these facts. The compositioiethas to be done only after True Path
Rule from the above section has been applied.

G =fg2Gj9 2E:(tg; )2 AY

We compose annotation sets for every directly or indireatigotated GO and
KEGG term, and collect these sets into the collectBThe collectionG can be
added as the fth element in the annotation dataset of gerféme

A= (G, TEEAY A °=(G; T3 EA%Q

Now we have the two essential components for ontology minthg vocabularies
datase¥ and the extended annotation dataset

V=(T; ;R)
A’=(G; T3 EA%Q

One of the most common goals for Gene Ontology data analysitMnvolve

user-de ned set of genes, and user wants to nd GO/KEGG atiurts to genes
in the query.

We say that a terrmatcheghe query, ifG, involves genes that are annotated
to termt. This can be evaluated by the simple intersecgn G;. Result set of
termsT, for gene quenG, simply includes all terms that have at least one gene
present in the user query.

Tq=tit2 T3~ Gy\ G, 6 ;

2.4 Ranking results

Due to True Path rule of GO, annotation sets of terms arelgr@atrlapping.
Sets in top hierarchy contain most of the genome's genesa Borgle gene-term
annotation, all parent terms in paths towards root are @bedlwith the same
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gene. Therefore we get a large number of matching GO termsytanaut query
of genes.

In order to nd relevant terms to reveal biological knowleggve rst need
to evaluate the importance of each occurring result. We ey teorder results
by importance, and claim top of result list to contain morevant information,
while matches in remaining list are probably random coienis or referring to
very general terms in the top hierarchy.

The key questions for ranking results are the following:

How large is input query of genés,?
How large is the set of gen&%, annotated to matching GO tetr?

How many genes of the input queB, are common to GO terr i.e. how
large is intersectioBq\ G;?

How many genes are there all together in the genome, how isfge

There are various measures for estimating importance oltsairough above
guestions. Next subsections describe a few of these.

2.4.1 Precision and recall

The decision whether a terinmatches a quer, is made upon the inter-
section of two set$5,\ G;. The most intuitive method to rank the resulting
intersection is comparing it with its basic set compon&ysaindG;. Set ratios
principally assume that the goal of user qu&@yis to retrieve the best possible
match to relevant results in an annotationGet

Precisionpre (Gq; Gt) 2 [0; 1] measures the fraction of relevant results in all
retrieved resultg,e. the fraction of common gené&3,\ G; within user quenGg.

Precision is also callegositive prediction valu@pv (G,; Gt), measuring the
amount oftrue positivesG}; andfalse positive$s;, within retrieved results. True
positives are genes common to qu@yand term annotation s&;. False posi-
tives are these genes retrieved by qu8gythat were not annotated to tetm

1Gg\ Gij _ S~y
“i6g ppv (Ggq; Gt) =

Gy IGg\ Gy

re(Gq; Gy) = Gl i '
pre (Ggq; Gt) Gy [ Gy (Gq\ Gi) [ (GgnGy)j
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Recallrec(Gq; Gt) 2 [0; 1] measures the proportion of retrieved relevant re-
sults in all relevant results. In our case, recall shows taetion common genes
Gq\ G within the annotation sé®:.

Recall is also calledensitivitysen(Gq; G;), measuring the amount of true
positives and false negatives of available relevant results. False negatives are
those genes of ternthat were not retrieved by user quéy.

iGq\ Gij iGLi jGq\ Gij

— = sen(Gq; Gy) = = .
(Gae iGY [ Gl 1(Ga\ G (GinGy)]

rec(Gy; Gy) =
(Gai G) 1Gi)

F -measurd=(Gq; Gt) 2 (0; 1]is a combined measure of precision and recall.

(1+ n?) pre(Ggq;Gy) rec(Gg; Gy)
(nZ pre(Gq; Gy)) + rec(Gg; Gr)
In most common case, weighted harmonic mEa(Gg; G;) balances weight
and precision equally. Other often used measureB @£€Gy; G;) andF,(Gq; Gi)
that weigh either precision or recall twofold.

Fn(Gq Gy) =

2 pre(Gq; Gt) rec(Gg; Gy)
Fi(Gq, Gy) =
1(Gai Gy pre (Gq; Gt) + rec(Gg; Gy)

Overlapovr (Gq; G;) is a simple set ratio, combined of the above measures
of precision and recall. Overlap estimates the raw sintyldretween the query
Gy and the genes of tery by measuring the fraction of true positives within
all related genes. Overlap disregards the different netminfalse positive and
false negative results, and treats these commonly as nubewat This loss of
information is misleading in cases where sizes of compasets differ greatly.

_ iGq\ Gij _ iGq\ Gij

iGql Gi  [Gdi+ ]G4 | Gq\ Gij

Information expressed by set ratios is often not suf ciemconvey the im-
portance of a match. Let us consider three trivial examphéstly, let us view
the matches of a one-gene qué&y = fg;0. As there are numerous terms with
only one annotated gene (Figure 1.4), chances are good thah& is found, so
thatpre (Gq; Gi) = rec(Gqy; Gt) = F1(Gq; Gt) = 1. Secondly, let us consider

ovr (Ggq; Gt)
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root termsty.. For any incoming quer,, recallrec(Gq; Gi,) ' 1is very good.
Thirdly, fairly large querie$s, will often match a term with small annotation set,
resulting in very good precision valupge (Gy; Gt) * 1.

On the other hand, if the query has a few hundred genes, imisstimpossible
to get very good precision and recall. It is clear, that if tiser actually presents
a large and rare gene query, even results with moderatelpieersion and recall
values can reveal relevant biological information. Stetéd methods should be
investigated to overcome the limitations of set ratios.

2.4.2 Statistical signi cance

Statistical signi cancedescribes the notion of events occurring by greater or
smaller chance. An occurred result is considesigphi cant, if it is unlikely to
have occurred by random chance. Chance is measured withbalplity. The
smaller is the probability of random occurrence, the highehe signi cance of
the event, and we have maatistical evidence& assume that the event occurred
on purpose.

Signi cance measure is used ltypothesis testingA null hypothesi$i, is set
up to be rejected, in order to supportaternative hypothesid ;. Null hypothesis
is presumed true until statistical evidence in the form ddistical hypothesis test
indicates otherwise.

In case of determining signi cance of tertrmatching a user querg,, the
hypotheses are presented as follows.

8

3 Ho Termt has matched quei@, by chance

5 H, Termt has not matche®, by chance, and the event may contain

interesting biological information

In order to nullifyHy, we need to perform a statistical test and examine the
probability of the matchG,\ G; asp(Ggq;t). The probability valugp(Gg; t)
(often referred to ap-valug is de ned as the probability of observing current
event, summed with the probabilities of any more extremah&vunfavourable
to Ho. In our case, we need to observe the current interseGion G;, and alll
possible larger intersections for givey andG:.
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If the probability of an event to occur by random chance iscserfitly small,
we may accepH;. The border between signi cant and insigni cant results is
de ned as signi cance levelSigni cance level of a statistical test is maximum
probability of Type | error, i.e. the probability of accidentally rejecting a true
null hypothesiH, and introducing false positives. Commonly used signi aGanc
levelsare =0:01, =0:05 =0:10 Inour case, signi cance level means the
chance of proposing a randomly appearing match to be statlgtsigni cant.

> RetainH, result appeared by chance
P(Gq; t) .
; AcceptH,, result is signi cant

A stronger signi cance level may result in more frequenifype Il errors
Type Il error means that the trudternative hypothesisl is rejected in a sta-
tistical test and a false negative result is introduced. sTheans that actually
signi cant matches are considered random and thereforerégh

2.4.3 Hypergeometric probability. Fisher's exact test

One commonly used statistical signi cance measur@yisergeometric prob-
ability pn (k = x), well described by the following classical urn problem.

Let us pick by chance and without replacemeiialls from an urn oN black
and white balls. What is the probability of getting exadtly x white balls and
n Kk black balls, if the urn is known to contakh white andN K black balls?

Hypergeometric probability is calculated as follows.

K N K
Pr(k = X) = pn(nikiN;K) = =

N
n

In the case of evaluating common elements of a gene g@grgnd an an-
notation setG;, the valueN is interpreted as the total number of genes in the
genome, and as the number of genes annotated to termhe valuen is user
query length, an#t counts genes in intersecti@),\ G;. Above formula may be
rewritten using the following parameters.

Pr(iGq\ Gij = X) = Pn(iGyj;jGq\ Gt):jGj:]Gii)
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Fisher's exact tesdf statistical signi cance is used to examine the importanc
of association between two variables i@ a 2 contingency tablewhere the data
is divided into two independent categories in two diffeneays. The contingency
table for our gene annotation analysis is shown in Table Ridher showed that
the probability for obtaining the set of values in continggtables in given by the
previously de ned hypergeometric distribution.

Fisher's test is also used in several publicly available &s&mtology tools,
such as FatiGO [ASDUDO04], GoMiner [ZFW3], BinGO [MHKO05] and Func-
Associate [BKB 03]. Some of these tools apply a slightly different versién o
the contingency table by viewing only direct associationsambining terms of
a speci c hierarchy level [0ZC04]. A comparative analysisadew GO tools is
available in a recent publication [MPO05].

| | 926G | 926G

.

02 Gq | G\ G GgnG; Gq
g % Gq | GinGq | GN(Gyq[ Gi) || GNGy
o | G | &G | G |

Table 2.1: Contingency table for association between quegyand annotation séb; of
termt in genomeG

Hypergeometric probability formula and equivalent cogéncy table for Fisher's
test evaluate particular arrangement of data, and give @xabability of match-
ing G4 genes to a terrh Exact arrangemer@,\ G; is not suf cient according to
the de nition of p-value. In order to assess signi cance adtech, we need to con-
sider the probability of exact arrangement, as well as adkgze more extreme
arrangements.

This is known asone-tailed Fisher's tesand expressed bgumulative hy-
pergeometric probabilityp, (k > x). A graphical example of hypergeometric
distribution can be seen in Figure 2.1. Following formulagants cumulative
hypergeometric probability for picking or morewhite balls from the classical
urn.

Xn Xn K N K
Pan (K> X) = pan(Mk;N;K) = pr(nik;N;K ) = =
k=x k=x

=}
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Cumulative hypergeometric probability, k=0..40, n=50, K=40, N=6000

P T
-+ T Hypergeometric distribution ——
T Values for cumulative probability
le-10 g Value for exact match ——
1le-20 X\
1e-30 ~
le-40 K\‘
5 %
k=)
E 1e-50
[}
2
= le60
1le-70
1e-80
1e-90
1e-100
1 10 100

k - number of matches (log)

Figure 2.1: Hypergeometric distribution fak = 6000, K =40,n =50,k > 25

For assessing the signi can@g€Gg; t) of an intersectioris,\ G¢, we need to
consider hypergeometric probability of current intersmsttas well as any more
extreme arrangements. It is obvious that the interse@ipn G; cannot be larger
than one of its initial set componer®s, andG;.

P(Gqit) = Pen(iGq\ Gij > X) = Pen(1Gai;iGq\ GiiiiGJiGi) =
min (j@aj;jGtj)
x=jGq\ Gij

2.4.4 Multiple testing

Multiple testingrefers to increased amount of Type | errors when independent
or dependent statistical tests are performed repeateds(i3]. The idea is well
described by an example of coin tossing. If a coin show®&ilmes out 0f100
tries, we may suggest that the coin is not fair. However,ig ttappens within a
series of a million tosses, the signi cance@3=100is not very extraordinary.

Let our experiment involve statistical tests with a set of€T, that match a
gene quenG,. Let there ben such termg 2 T,. For every ternt we perform
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a statistical tesp = p(Ggq; t), and we compare resulting p-value against a signif-
icance level to Iter out random matches. In order to keepdkperiment-wide
signi cance level at prede ned , we may need to consider a stronger signi cance
level ; for every individual test of the experiment.

Bonferroni correctior{Bon36] is a simple and well-knowigamily Wise Error
Ratep-value correction for multiple testing. Family Wise ErRate measures the
probability of at least one Type | error within experimenorierroni correction
only takes into account only number of performed indepehdedependent tests
n in given experiment, and de nes individual signi cance é&v g as follows.
Every p-value abov@onferroni corrected signi cance levelg is discarded as
insigni cant.

"N Ty

Two different approaches for calculating are mentioned in literature. A
more common approach above considers the number of tesibtedbe number
of matching terms to a speci c queryG, [GDS03]. Osier et aJ on the other
hand, suggest that should be considered equal to the number of all annotated
termsTg of the genomé&s [OZCO04]. The rst case would involve correction for
a few hundred tests, while the second case observes tehtsaviéral thousand
terms.

7 n 7 Tg]

Bonferroni correction is considered rather conservativie sense that it in-
creases the rate of Type Il errors and discards some truty caont results. As
any termt may have many parents and genes are automatically annotated to all
ancestord?, the correction is very strong because of numerous resuitsfew
if any of resulting terms remain signi cant [ZFW03]. Correction for all terms
proposed by [OZCO04] is even more conservative. Matches svithller annota-
tion sets never appear signi cant, as eveh0d%overlap ofG4 andG; will not
result in a suf ciently high p-value. Unless indicated atvese, we will use the
rst approach g = o throughout the work.

A more liberal multiple testing correction for independésdts isFalse Dis-
covery RatgFDR), that measures expected proportion of Type | errothiwi
results [GDSO03]. Benjamini-Hochberg FDR approach takés account the ob-
served p-values in the experiment [BH95]. The latter isrotensidered more ap-
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plicable for Gene Ontology analysis than Bonferroni carcec]OZC04, MHKO05].
Let be de ned signi cance level for an experiment of statistical tests.

FDR method sorta p-values from tests in increasing order, and picks the #rge

p-value,p;, that is smaller than its proportional signi cance levelkoportional

signi cance level for g, is calculated as the experiment-wide levemultiplied

by the fractionri]— that presents the position of currgitin the increasing list of

p-values. Every p-value aboBenjamini-Hochberg corrected signi cance level

sH = [ is discarded as insigni cant.

Above FDR method is argued improper for analysis of geneigsieas GO
terms are hierarchically related, gene annotation sethighdy intersecting be-
cause of True Path Rule, and therefore, statistical p§§kg; t) with many match-
ing termst 2 T; should not be considered entirely independent of each other
[Slo02]. Itis not yet clear whether Gene Ontology hierarchynplies with vari-
ants of FDR designed for unindependent testing [MHKO05].

2.5 Simulation of signi cance thresholds

Above sections described a number of different approadrashking terms
that match a user quefy,, and Itering out matches that have possibly occurred
by random chance. These well-known and rather generastitatimethods are
widely used in Gene Ontology tools. However, there is no ensss whether
means such as Fisher's one-tailed test with multiple tgstorrections actually
comply with the partly dependent and hierarchically reladémnotation sets of
Gene Ontology and KEGG pathways.

2.5.1 Experimental approach

This subsection describes a simulation experiment thagrgbs possible p-
values resulting in Fisher's one-tailed tests with randsedidata and investigates
possible multiple testing correction values. A brief cugliof our experiment is
found in the paragraphs below, while a more detailed anchieahdescription of
the simulation is depicted in Algorithm 1.
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The goal of our experiment is to propose a method for diststgng truly
signi cant terms from random matches. The method is in adaoce with multi-
ple testing principles and takes into account the hieraattaind partly dependent
gene annotation sets of GO and KEGG pathways.

For a given genom& and its GO and KEGG annotations, we proposexan
perimental signi cance threshold for some user query lengthe jGgj. Thresh-
olds are based on best p-values that normally result randomiseies. Out of
the best p-values of multiple simulations, we pick such aghold p-value that
would correspond to the signi cance leve] so that most simulations would re-
sult in a larger p-value. We compare thresholds with two Widsed multiple
testing correctionsg and gy .

Our experiment involves the baker's yeast genome and its GDKEGG
annotations from Marc6", 2006, having alltogethgiGj = 6471 genes with
known annotations tplgj = 4145 terms. We perform the experiment for query

tions, havingGj = 17024 genes an@ilgj = 6597 terms.
First we x a user query lengthand the experiment-wide signi cance level
= 0:05, and randomly generate = 1000 queriesGq of lengthl, using the
genes in the genome. For every synthetic qu&{ywe observe p-valugs(Gg; t)
of all matching termg 2 T,. We store the lowest p-valuye of every query,
as well as Bonferroni corrected signi cance levgl and Benjamini-Hochberg
corrected signi cance level gy for this query. It is important to note that all
these probabilities correspond to tidg hypothesis, as any termhsnatching the
gueries must have occurred by random chance.

The simulation results in a thousand best p-valygg corrected signi cance
levelsf ggandf gy g for the given query length Out of these sets, we pick
such valueg®, % and 2, that correspond to the original experiment-wide sig-
ni cance level . This means that given an= 0:05andr = 1000, 50" gene in
the ordered list would correspond to th& margin.. We call this value, = p°,
theexperimental signi cance threshofdr query lengtH.

Our experimental signi cance thresholdful Is the requirements of multiple
testing, as experiment-wide signi cance levels tested only once against best
possible matches of all simulated user queries, and thereforrection is not
needed.
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Algorithm 1 Simulation of signi cance threshold and levels 3; 9

BH
Require: | > 0{Length of synthetic queyy
Require: 0< < 1{Experiment-wide signi cance leVel
Require: r > 0{Number of simulatior}s
Ensure:  {Signi cance threshold for given length
Ensure: 3 {Bonferroni corrected signi cance level for length
Ensure: 3., {Benjamini-Hochberg corrected signi cance level for lengjt
P :=[] {Declare empty arrays for storing values
Ag =[]
Agn =[]
forall x2f1;2;:::;rg do
Gq := rand (I; G) {Create random query of lengthof genes irG}
Pq =11
forall t2 T, do
P(Gyt) ! Pq{add p-value to array
end for
n:=jTy
=n | Ag {Bonferroni correctioh
min (fp, 2 Pq@) ! P {Best p-valug
SOrt asc(Pg)
max (fp 2 Pgjpy 6] =ng)! Agny {Benjamini-Hochberg correctign
end for
i := round (r ) {Index corresponding to level
sort ,sc(P) {Sort values in ascending order
SOrt asc (AB)
sort asc (ABH )

return (; g; ) =(P[i};As[i]; Ak [i])
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Thresholds: yeast genome, |G|=6471, |T|=4145 Thresholds: yeast genome, |G|=6471, |T|=4145
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Figure 2.2: Corrected signi cance levelsg, gy and thresholds for baker's yeast
(top) and mouse (bottom), simulated witl= 1000 synthetic queries at experiment-wide
signi cance level = 0:05.

Results of our experiment are shown in Figure 2.2. Bonferrorrected sig-
ni cance levels g re ect the number of matching terms that normally corregpon
to queries of no statistical signi cance. The smooth shapegoover different
guery lengthd suggests that there is a rather constant number of terms-corr
sponding to an average gene. As query length increases, geaes are likely
to match same terms. Bonferroni corrected leygldepends only on number of
matching terms, and therefore, corrected value seems t@emmnto a constant
value as query length increases.

Benjamini-Hochberg corrected levelgy and signi cance thresholds de-
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Thresholds: yeast genome, |G|=6471, |T|=4145
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Figure 2.3: Baker's yeast signi cance thresholdssimulated withr = 100, r = 1000,
r = 2000 synthetic queries at experiment-wide signi cance levet 0:05.

pend on actual p-values in a given query, and convey bettehi#rarchical and
dependent intersections within annotation sets. The &eghops of probabili-
ties are caused by random sampling, as well as discreteenaithilypergeometric
probability function, which decreases sharply when adddl genes are added to
intersectiorGg\ G;.

We also performed a small experiment to observe the qudligxperimental
thresholds with different simulation parameters Results in Figure 2.3 are
rather expected. If less simulations are performeeglue becomes noisier, while
more excessive randomisation will result in a clearer tho&k However, the
threshold value will preserve its discreet and jagged eatur

It should be noted that for smaller query lengthexperimental signi cance
threshold is very similar to Bonferroni corrected level," . As the query
length increases, Bonferroni correction becomes far tosewative and exper-
imental signi cance threshold seems to approach Benjatdothberg corrected
level, ' gH.

The drawback of our experiment is the fact that it is componteatly quite
expensive. The valuesfor the yeast genome with = 1000 queries of lengths
| =(1;:::;1000)required more than 5 hours of work in a cluster of 20 computers
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Experimental approach for obtaining signi cance threslsak clearly unsuitable
for practical use and further methods should be investitfatecalculating thresh-
olds.

2.5.2 Analytical approach

This subsection constructs a probabilistic method foneaing signi cance
thresholds obtained through extensive simulations of above experimen

Let us rst x a certain user query lengthand a genom&. The collection of
annotation set& contains all gene annotation s@gof termst 2 Tg . This time
we do not need the actual collection of sets, but the straatficollection. Let

include respective counts. In other words, for a gikethere arg sets of sizey
in collectionG.

Let S; be an annotation set of xed sizefrom the collectionG, letj denote
the number of such sets in the collecti@n Let us observe all possible p-values
p(Gqy Si) that may be obtained from Fisher's one-tailed test of cutiudehy-
pergeometric probability, when comparing the Setvith any queryG, of xed
lengthl.

We need to consider every possible size of interse@@igh S;, and calculate
corresponding p-value. It is clear that the intersectiamoa exceed the size of
its component set§, andS;. We gather p-values into the et

In order to decrease computational costs, we reduce pidipadpaceP to
the rangg10 ©;10 3], only accounting for such "good" p-values that may or may
not appear by random chance. This range is based on empmksalvations of
signi cance thresholds from previously described expemn We call this range
thethreshold range

P=Pnfp2Pjp6 10 ° p> 10 3g

We map p-valuep 2 P for annotation set sizeinto an array of thousand
element®; = (pui; P2i;:::; Poooi). Let denote an index in the arrd;, and
p. denote corresponding p-value. We map p-values to the arapopionally,
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Examples of mapping probabilites: yeast genome, |G|=6471
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Figure 2.4: Examples of mapping p-values in the rar(@® °;10 2] for different query
lengthsl and set sizeg to an array ofL000elements.

so that a few rst elements in the array present the lowestlperin the threshold
range, following larger portion of elements present th@sddowest p-value, etc.

Every index of the arrayP; presents 0100 fraction of the threshold range
(10 ;10 3], and every corresponding p-valpg shows the smaller closest p-
value, that can be obtained from the t@f6,; S;) with some intersectio®\ S;.

For a single set sizg the p-valuep(G,; Si) stays on a constant level until
a change in intersectioB,\ S; causes a discrete jump. When rst intersection
appears with p-value greater than the rafi@ ©; 10 ], all following elements
from the jump to the last element will be stored as the uppeit 10 3. Some
examples of arrays can be seen in Figure 2.4.

Let us x a certain array index and the corresponding p-valye; . We
calculate the probability of opposite event, that is, tharade that we do not get
such an intersection with the queBy and the se§;, that results with a p-value

in the threshold rang@ 0 ©;10 3].

pc?i =1 p;

The probability of two independent eversndb occurring at the same time
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is the product of probabilities of these events.

p(@a” b= p(a) p(H

The events of multiple annotation s&smatching a user quer§, may not be
considered entirely independent, as hierarchical relatinetween terms create
dependencies. However, we attempt to construct prohabilitsing the above
formula.

There arg setsS; with sizei among the annotation sets @& We gather
these together into a collectid®. We use the above product and calculate the
probability p° s;» that none of the sets in collecti@ will intersect the query with
a probability in the rang€10 ;10 3]. In other words, we need the probability
that all sets of xed sizeé simultaneously give a intersection with a p-value either
abovel0 3 or below10 ©.

Y
Ps =0 p)® @ p)® @ p))P= P
k=1
We may use the same idea again, and calculate the probafilitthat none
of the sets in the collectio® will result with p-value(10 ;10 3] in intersecting
the query, or in other words, all of these sets will at the séime give a match
with p-value out of the threshold range. The collection afi@ation set< has

sets withm different sizeqii;i,;:::;im). Theoverall probabilityof no matches
is therefore a product of probabilities for all different sngths.
Y
Ple= po;si1 po;si2 po;sim = Pls
i2fiq;io;iimg

The valuel p° is essentially the same as experiment-wide signi cance
level . It shows overall probability that a user quédy of lengthl gets such a
good intersection, so that the resulting p-value is in tinge£10 ;10 3].

1 po;G:

Now we return to the idea of mapping p-values of annotatienSeto arrays
P;, where every index presents a thousandth of the threshold rg@e®; 10 3],
and thep; 2 P; shows the smaller closest p-value that can be achieved with a
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intersectionGy\ S;. P-values corresponding to consecutive indicese either
constant or change discreetly as the intersecBgn S; changes. However, if
we view many arrays of different set siziesimultaneously for the overall prob-
ability, increasing probabilities corresponding to cangeve indices become less
discreet.

When we are given a prede ned experiment-wide signi careseel = 0:05,
we may use a technique of binary search to locate an ingdéxat de nes such

that the overall probabilitp? 4 is closest tdl

Binary searchs a divide-and-conquer type of algorithm, that works ortesbr
lists. The algorithm iteratively narrows down search spbgecomparing the
search value with the middle element of the list, and degidimether search
should be continued in the rst or the second half of the list.

In our case, search space would involve all possiblalues, and the giving
the overall probabilityp® ; closest tal is retrieved as search result. We call
this value |, theanalytical signi cance thresholtbr query length at signi cance
level

Figure 2.5 compares analytical thresholdwith experimental threshold
gained from synthetic queries. Values foshow a similar pattern to experimen-
tal values , however, analytical threshold function is more conseéveat This
can be explained with the fact that probability of simultaneeventp(a”™ b) =
p(a) p(b is true if the events andb are independent. Annotation sets and in-
tersections with queries cannot be considered indepermdents, and therefore
experimental results show higher probabilities. We de regaectionx to over-
all probabilitypo; - This correction in uences binary search algorithm stepd a
returns a generally less conservativealue.

0 S

p;G: l

We experimented manually with different correction valaed found out that
x = 0:03is a perfect correction for smaller query of up200genes. (Figure
2.5). Later , becomes more liberal than experimental thresholHowever, this
increase is minute and should not in uence general quafitgsults.
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Thresholds: yeast genome, |G|=6471, |T|=4145

0.001 . —
Experimental significance threshold b ——
Analytical significance thresholdg ———
Corrected analytical significance threshold g,, x=0.03 ——
3 =
2 2
S le-04 2
© ©
4 3
o a
1le-05
0 200 400 600 800 1000
Query length |
Thresholds: mouse genome, |G|=17024, |T|=6597
0.001
Experimental significance threshold b ——
. Analytical significance threshold g ———
Corrected analytical significance threshold g, x=0.038 ——
=l >
K] K
< le-04 E]
[} ©
< <
a a
le-05
0 200 400 600 800 1000

Query length |

Figure 2.5: Experimental and analytical

« uses correction = 0:03,
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Chapter 3
Mining GO with GOSt

Previous chapter de ned a way of determining tetntisat match a user query
Gy. We concentrated on methods for estimating statistical si@nce of results,
and described thresholds that discard presumably irnelerad random matches.

This chapter investigates querying and mining Gene Onjoldle start off
with a simple algorithm for determining all matches for a segenes, de ne
novel ordered queries and means for effective analysisaf,sand conclude the
chapter with a method for mining signi cant subgraphs ofriermatching an
ordered or unordered user query.

3.1 Simple queries. MethodGOSTMINER ;

One of the most common goals for Gene Ontology data analysitMnvolve
determining annotations forqueryof genesG,. We say that a terrmatcheshe
query, ifGq involves some genes that are annotated to tefmother other words,
the intersectiors,\ G; is not an empty set.

The simplest algorithnOSTMINER 3 for determining all matches from
GO/KEGG terms basically involves intersecting the usery @, with all anno-
tation sets5; in the collectionG, and returning all such terms that have at least
one annotated gene present in the query. The algorithm versimoAlgorithm 2.
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Algorithm 2 GOSTMINER ;: Determine matching terms to a user quéry
Require: Gq = fon; ;115 ag{Query of genes of a given gengme
Require: A°=(G;T; E; A% G) {Annotations of the given genone
Ensure: R = f(p;t;]Gy);]Gij;]Gq\ Gtj)g {An array of resulty
R :=[] {Array for storing resulty
forall G;2G do
if jGq\ Gij & ; then
P:= Pen(iGaiijGq\ Gij;iGiijGri)
(P; 4 ]Gl ]Gt 1Gg\ Gij) 'R {Add matching term info to results
end if
end for
return R

3.2 Ordered queries. MethodGOSTMINER >

So far we have treated the query as a plain unstructured genefls. Another
relevant approach involves the analysis of queries, whemegare sorted accord-
ing to some measure. This novel feature is not common in po@ene Ontology
tools.

For example, we may view expression activity of hundredsesfes in a mi-
croarray knock-out experiment and sort genes accordinbdio &€xpression ac-
tivity. Then most active genes on top of the sorted list wquiobably describe
organism's counterreaction to the knockout. We would lixkehalyse different
fractions of top-ranking genes, observe p-values, andveryematching term,
determine length of list where the term reaches peak of s@gmie.

Let (g) denote a measure of gegeWe may sort a gene que@y according
to the values of and create internal structure to the query. Then we may de ne
an descendingrdered quenGs from the original quenG,,.

Gs=1f01,0;:::;0i80;6 2Gs:i<j ) (g)6 (g)9

An ascending ordered query is de ned in a similar way.
QueryGg may be seen as a cluster of genes, where rst elemgistthe cen-
tral element. A few elements in the beginning of the querychosely related to
the rst element, and as the ranlof gene increases, the greater becomes distance
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Ordered query example: yeast gene YALO04W+99 neighbours, |G|=6471, |T|=4145, |G|=180
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Figure 3.1: Yeast gene¥ALO04W +99 neighbours in an ordered quesy, matching
180 GO/KEGG terms. Best peak signi cance levels for thremgeare displayed. Term
G0:0051082 denoteaunfolded protein bindingBP), andGO:0006457 (MF) protein
folding. The termG0:0006616 is a speci ¢ type ofprotein targeting(BP). The latter
two terms are hierarchically related through a common dace3he representatives of
these terms are tightly clustered around the gékie004W

betweerng; andg;. In other words, tightness of the cluster decreases, aseve vi
more genes in the ordered list.

Let Gsx = fou;;:::;kg  Gs denote a portion ok top-ranking genes
from the head of the sorted list in queBg. We call this portiorGx theordered
subquenryof Gs.

The main idea for ordered queries is determining such agodt top-ranking
genes from the beginning of the query, that would give th¢ predbability, called
peak signi cancefor a given GO/KEGG ternt. Then we can disregard the rest
of the query as insigni cant in the context of current term

Figure 3.1 demonstrates an example of nding matching tetovea ordered
queryGs. The query consists of yeast gevi®L004W and 99 its closest neigh-
bours in an experiment of gene expression. The query matthiegether 180
terms from GO and KEGG pathways. Three best peak signi caifmeGO terms
are labelled as examples.

A simple exhaustive methob@OSTMINER , for analysing ordered sets is
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Algorithm 3 GOSTMINER ,: Determine matching terms to an ordered user
gqueryGs. Exhaustive method.

Require: A°=(G;T; E; A% G) {Annotations of the given genojne
Ensure: R = f(p;t;]Gy);]Gij;]Gq\ Gtj)g {An array of resulty
R :=[] {Array for storing result}

{ Perform search for every subquery®§}
Gsk =[]

{Insert rst k elements into que}y
Oi ! Gs;k
end for
GOSTMINER {(Gsk;A9 'R {Add results from Algorithm 2 to arrdy
end for
return R

shown in Algorithm 3. We may easily split the ordered quégyinto a collection

the existingGOSTMINER ; method (Algorithm 2). Then additional sorting
and Iters may be applied for detecting best p-values.

Algorithm GOSTMINER , is ineffective in the sense that it does not take
advantage of information gained from intersections witavpyusly calculated
subqueries. For a given terinand ordered user quei@s with lengthl, the

calculated every time since rst gene is found in intersactiFurther approaches

should be investigated to minimise the amount of neededsie¢dion and p-value
operations.

3.3 Approximation of probability function

In this section, we observe hypergeometric p-value fungttbat evaluates
the signi cance of an ordered que@s and its subquerie&, matching ternt
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through the intersectiorGsx \ G;. We investigate means to minimise intersec-
tion and p-value calculation operations for improving thetihhod proposed in the
previous section.

As we can see on the example plot in Figure 3.1, hypergearratbability
function for the intersectiosx \ G; is discreet, as the subquery lendth?

(not match) ¢ ) the termt. Additionalg”™ 2 Gs will cause a sharp decrease p-
value, while newg 2 Gs. will increase p-value of occurring intersection. Such a
discrete function may well be approximated by calculatisglection of extremal
values.

Let us de ne the parameteamoothness for p-value approximation function.
Smoothness = 0 means, that p-values are exhaustively calculated for @l po
sible query lengths using the algorith@OSTMINER ,. When smoothness
parameter is above zero, we attempt to skip some query lerigtrevery term
t, and approximate the p-values through lesser intersepboris. The greater is
smoothness, the faster is approximation, and the less eahs are calculated.
Let us observe different smoothness parameters throughltbeing example.

Gs=(0,:0:05:04:05:0:9:%:%)
Gs\ Gi=(05;05:05:05:0s)

Let us rst discuss strongest smoothnesss 3. When we are interested
only in the best p-values for all intersections with possiblibquerie$s.x, we
need to consider only the subqueries where last element &ehig’ . In above
example, this would involve queri€;.,; Gs.3; Gs.4; Gs:5; Gs.s. Moreover, p-value
for consecutive matching genés::;g" ;;g";d",;:::9 is decreasing in rather
constant nature. We may skip those matching genes that lmlgkevious and
next genes present in intersection, and view only beginamdyend of p-value
decrease. This leaves us with queri®as; Gs:s; Gs.g in above example.

Strongest smoothness = 3 is insuf cient, when we are interested in the
actual shape of p-values over different subqueries. Byrglmgonly local mini-
mums of p-values, the resulting probability curve is lossiaage p-values around
local maximums appear smaller than they really are.

With smoothness parameter= 2, we also view some gengs that miss
the termt and push p-value to a local maximum. P-value for consecutigsing
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Example for smoothness: yeast genome, |G|=6471, |T|=4145, t=G0:0009058 Example for smoothness: yeast genome, |G|=6471, |T|=4145, t=G0:0043303
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Figure 3.2: Examples of smoothness for an ordered quend@® yeast genes. Fig-
ure on the left shows the probabilities for the general lgmal processbiosythe-
sigG0:0009058 ). Figure on the right displays probabilities for a specimpessnast
cell degranulation(G0O:0043303 ).

gened:::;q ;0. ::gisrather constant as well. Therefore, we may only view
local maximum of the worst miss, that is, the intersectioremghlast gene is a
miss. Local maximum p-value is reached directly before atitemhal matchg*
appears in the intersection. If rst or last element of omtbgueryGs is a miss,
the respective subqueli@s.; or Gs, presents a local maximum and should be
included as well. In above example, we would view intersegiwith subqueries
Gs:1; Gs:2; Gs:s; Gs:7; Ga:g; Gs:9. Approximation with smoothness parameter
1 would also include intermediate matching geggsg; -

Some examples of analysing intersections using diffeneatoshness param-
eters are available in Figure 3.2.

3.4 Ordered queries. MethodGOSTMINER 3

This section describes an effective algorit®STMINER 3 that approx-
imates p-values for analysing matches with téracross an ordered query. The
method is available as Algorithm 4, while a less formal dsston follows below.

Let us x a certain termt and an ordered user queB¢ = fg;; Q;:::;09. P-
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values with above smoothness parameters may be effectippipximated from

the intersection only once. Let us rst de ne the functipos, that shows the
position of a gene in a query. The position is in the rafigH.

pos(ge; Gs) = ¢, Geneg. is in ordered quergg at positionc.

We preserve internal sorted structure of geg@sG;s in the intersectiorsg \

G¢. The order of genes in the intersection is the original omdé¢he query; any
geneg; that appears befog in the intersectios\ G, must also appear before
gy in the original quenGs.

For every intersection elemegit, we store its positions in an associative array
| of intersection pointsEvery keyk of arrayl is the position of @* in intersec-
tion Gs\ Gy, and every valug is the position ofy* in the original ordered query
Gs.

= fi 7! jiji = pos(g'; Gs\ Gi) " ji = pos(g; Gs)g

For smoothness = 3, we need to consider only subquerf@sy, where last
gene in intersectio®sx \ G is a matchy; . We need to view intersection points
(i 7! j;) of the arrayl . Every array valug; shows the number of genes in the
subquery,e.j; = jGskj = k, and every corresponding keghows the number of
genes in the subquery that have a match in tefime. i = jGgx \ G;ij. The values
i andj; are used in cumulative hypergeometric probability calioia

P(Gsik;t) = Pre(ii; ;]G5 iGy))

For smoothness< 3, we also need consider some subqueB@eg that end
with a missg, and cause a local maximum in p-values. Local probability imax
mum occurs directly before another magih2 G causes a p-value decrease. In
order to detect such local maximums, we view all intersecgioints(i 7! j;) as
above. In locations where a migg is directly followed by a matcly;,, = g,

we also calculate cumulative hypergeometric probabitityprevious query length
1Gsu) = Ji 1, andintersection siz&g, \ Gy =1 1.

p(Gs;u;t) = phc(ji 1;i 1;jGj;jth)
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Algorithm 4 GOSTMINER 3: Determine matching terms to an ordered user
queryGs. Approximate method.

Require: A°=(G;T; E; A% G) {Annotations of the given genojne
Ensure: R = f(p;t;]Gy);]Gij;]Gq\ Gtj)g {An array of resulty
R :=[] {Array for storing result}
forall G; 2 Gdo
(01, ;1115 6m) := Gs\ G; {Preserve order of genes in intersectjon
| ;=[] {Declare empty array for gene positigns
forall g 2 Gs\ G; do
| [pos(gi; Gs\ Gy)] := pos(gi; Gs) { Store positions of intersecting gehes
end for
if 1[1]6 1 then
(1:0;t; 1;jGyj;0) ' R {Add maxp = 1:0, missing ¥ gene(g, ;:::)}
end if
forall i 2 keys(l) do
{Check every matching elemgnt
if > 1M1<i<m AMN[i+1]=1[i]+1~1[i 1]=1[i] 1then
goto (next){ Skip if consecutive matchés:;g" ;; g ;g% ;:::)}
end if
if < 37i> 1~1I[i 1]6 I[i] 1then
p:=pa(Iil] Li 1jGj;jGy)
(Pt 1[Il LjGisi 1)!R
{Add maxp, previous mis$:::;g ;g ;:::)}
end if
p:= Pen (i1 [i];]Gj;iGi)
(p;t;1[i];]Gyj; 1) 'R {Add min p, matclf:::; g ;:::)}
label (next)
end for
if < 3M1[m]<I then
P:= P (l;M;jGj;jGij)
(p;t;1;jGij;m) 'R {Add maxp, miss lastgend;:::; g )}
end if
end for
return R
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Effectiveness: yeast genome, |G|=6471, |T|=4145, synthetic queries Effectiveness: yeast genome, |G|=6471, |T|=4145, synthetic queries
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Figure 3.3: Effectiveness comparison of p-value approximations wiffeient smooth-
ness parameters, using synthetic queries of baker's yeasihge. Tests were performed
on bioinf.ebc.ee ,2 2:8GHz Intel Xeon,3:8Gb RAM.

3.5 Signi cant subgraphs. MethodGOSTMINER 4

Previously we described algorithms for nding matchingntsrto a user-
de ned query of genes, and constructed methods for evalgaltie signi cance
of every resulting term. We de ned thresholds and multiglgting corrections for
recognising signi cant results.

So far we have observed both signi cant and insigni cantmerof a user-
de ned query, and treated all results to be independent ol egher. We have
disregarded parent-child relations between the ontoleggs that de ne Directed
Acyclic Graph structure of vocabularies. However, disedréhformation may
prove useful in interpreting resulting set of terms, andeower, True Path Rule
suggests that signi cant terms may be hierarchically eslat

This section constructs a method for Itering results, grimg terms through
underlying graph structure and determining signi cant guaphs. LetGg =
fo1; G 11509 be a xed user-de ned ordered query gen&g,x a subquery of

query Ggx. The following method naturally applies to the more geneasde
of unordered querie§,. A condensed version of the method is available as
GOSTMINER 4 (Algorithm 5).
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Let! (Gsx;t) be signi cance lIter function that recognises signi cantatch-
ing termst™ 2 T for a subquengGs.k, and Iters out others 2 T, that show too
large a probability value. The probabilipfGs.x; t) is cumulative hypergeometric
p-value from Fisher's one-tailed test. Here we apply thevipresly constructed
analytical signi cance threshold, but other means as multiple testing correc-
tions or user-de ned thresholds may also be applied. Th&tcase ; compares
p-values against:0 and passes all terms as signi cant.

| (Gey: 1) P(Gsk;t) 6 «; true, Termt is signi cant
' ’k, - . . -
) P(Gsk;t) > «; false, Termt is insigni cant

Let us create the s@t’, consisting of all terms" 2 T, that match and appear
signi cant with the ordered quers. A termt is included in the set of results

We need to take advantage of GO/KEGG vocabularies, de ne¢ldarbegin-
ning of the chapter as the triplét= ( T; ;R). We are interested in the collection
of factsR. Every factr = (t;t% ) 2 R states that a termis a child of another
termt® and the special relationship betweteandt®is . The setR essentially
de nes the DAG structure of GO.

Let us construcR; R, a collection of facts that describes the set of terms
TS . For every matching tertit 2 T., we observe corresponding faets =
(t*;t% ) from the collectionR, and construct the set of parenfs2 T, for the
termt. If some parent®2 T, also ranks signi cant according to the Iteér and
is present in the result s€t2 T, we add the corresponding fact to the new
collectionR{ .

RI=frt=(t";t*; )27 T jr'2Rg

If some termt™ is present in the signi cant sé; , but none of its parents
t° 2 T, passes as signi cant and included in the result &gt the termt* is
considered a root term in the collection of faB$ and corresponding graph.
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Algorithm 5 GOSTMINER 4: Determine collection factR; with signi cant
terms to an ordered user quéBy.

Require: A%=(G; TZ; E; A% G) {Annotations of the given genone
Require: V =(T; ;R){GO/KEGG vocabularigs
Ensure: R = f(p;t;]Gyj;]Gij;]Gq\ Gtj)g {Array of result$
Ensure: R! = f(t;t% )g{Array of facts with signi cant matching terrhs
R := GOSTMINER 3(Gs;A; =2) {Getresults from Algorithm}4
TS =[] {Declare empty arrays
L=l
forall (p;t;k;jGij;jGsx \ Gij) 2R do
if 1 (Gsk;t) = true then
TS [t] := true {Collect signi cant term}
end if
end for
forall (t 2 keys(Tg) : TS [t] = true ) do
T, := parents (t;R) { Get all parents of from facts inR}
forall t°2 T, do
r( (t®)2R
if t°2 T then
r ! R¢ {Collect facts with signi cant ternis
end if
end for
end for
return RI;R
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The set of relation®; de nes subgraphs that are part of the general hierar-
chical ontology structure. Every vertex of these subgraph®ermt®, has ap-
peared as a signi cant match to some subquery of the ordered/(,. Signi -
cant terms connected with edges, that is, bound with diraerd-child relations
r* = (t*;t%; ) and united into related term families. True Path Rule pdesla
intersecting genes to the topmost ancestor, however, cagnue Iter ! cuts off
parents that are too general, and child terms that are iosuftly represented in
the query. There may be several signi cant and unconneatedraphs of the
same domain, as the common ancestor of the families doesasstggni cance
Iter.

In case of trivial Iter! ;, all paths towards root are considered signi cant
and a query normally results in three subgraphs for the dwsnaii Molecular
Function, Biological Process and Cellular component. Theydaph for KEGG
Pathways appears if any of the genes in query is annotateB @G
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Chapter 4

The tool GOSt: usage and features

Previous chapters constructed a mathematical model of Gabtalogy and
corresponding gene annotations. We described methodstienndining GO terms
that match a group of genes, and provided means for asselssismgni cance of
results.

The practical aim of our work is a usable tool that appliesaheve methods
for mining Gene Ontology with gene groups from large-scaj@ession analysis
experiments. This chapter gives a brief overview of the ngribol GOSt (Gene
Ontology Statistics), and describes its features, suchragghgcal user interface,
browsing of subgraphs, and expression analysis pipeline.

4.1 General usage

GOSt is made up of a set of modules written in Perl, and thengialgorithm
family GOSTMINER is implemented as a C/C++ class. The former technol-
ogy was chosen for its ease of manipulating various datatsies, while the
latter programming language has an advantage in compugifigrmance. At the
time, GOSt runs only on Linux platform.

The most basic form of mining Gene Ontology with GOSt is perfed via
command line interface. A simplest user query requires agend and a space-
separated query of gen€g, of the chosen organism, and results in a list of terms
t 2 Tq, that match the quer§,. The query may also be loaded from a le. Query
lines may contain comments, everything after symbalill be disregarded by
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1 2: 3 4: 5 6. 7: 8: 9: 10:
G0:0006096 --?M-MM---M- 3.99e-08 21 12 4 0.333 0.190 BP glyc olysis

KEGG:00620 pp?pp------- 2.69e-07 33 12 4 0.333 0.121 PW Pyru vate metabolism
GO0:0031980 AA?--------- ~3.61e-02 165 12 2 0.167 0.012 CC mi tochondrial lumen

G0:0008150 aA?MMMMOOOMO ~1.00e+00 6471 12 11 0.917 0.002 BP biological_process

Figure 4.1: GOSt output example with a query &P yeast genes; th&® gene is un-
known. Columns from left to right(1) id of termt; (2) mapping intersectioisg\ Gy
onto queryGy, letters represent evidence codes, dashebow no match(3) p-value,
tilde ~ shows insigni cant values{4) size of term seG;; (5) length of queryl = jGgj;
(6) size of intersectiorisq\ Gy; (7) precision;(8) recall; (9) Domain oft; (10) name of
t.

the program. An alternative query format requires an identi of GO term or
KEGG pathway. Then all the genes annotatet wall be included in the query,
creating a possibility to compare different ontology teramsl detect signi cant
overlaps. Figure 4.1 displays a few lines of example output.

Resulting terms are ordered by p-value. The experimengwigni cance
level is xed at = 0:05. The user may de ne a thresholds Itér for dis-
tinguishing signi cant results. Currently available amtis are shown in the list
below. Multiple thresholds may be active at the same timethadtrongest will
be chosen for ltering terms. Is is also possible to show amigtches that rank
signi cant according to current threshold scheme in fumicti .

Analytical signi cance threshold (used by default);
Bonferroni multiple testing corrected signi cance leve, n = [Tyj;
Benjamini-Hochberg False Discovery Rate corrected leygl;

User-de ned threshold (default valde0).

The query may be de ned as an ordered set of ggagswhere genes are
sorted in descending order of importance. The output thewslpeak signi -
cance p-value for every term, and the subquery lekgth]Gs.«j where the peak
occurred. The term is considered signi cant, if peak p-eghasses signi cance
Iter. Analytical signi cance threshold considers the stal value for the given
subquery lengtlk, while multiple testing corrected levelg and gy evaluate
all probabilities that emerged in ordered query analysis.
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User may choose to sort resulting terms according to hiei@at structure
instead of p-value. Signi cant subgraphs procedure dbsdriin the previous
chapter is then activated, and subgraphs are evaluateccwitént signi cance
Iter ! . Terms are then grouped as subgraphs and printed out in-deptrder,
beginning from the topmost term in the hierarchy.

Command line interface of GOSt is intended for large-scalmiautomatic
analysis. Compact mode of GOSt skips additional infornmasioch as mapping
intersection to query and GO names, and is therefore caadilyefaster and suit-
able for scripting. There are also options for exportingiitssas Perl storable data
structures and image les.

4.2 Graphical user interface. Evidence codes

Graphical user interface of GOSt is designed for interadiata analysis, and
implemented as a dynamical web environment with PHP: HepéeRreprocessor
[PHP]. Most features of command line GOSt may be combinedgdaiitional set
of functionality enables enhanced interactive mining.

Web interface of GOSt uses PNG (Portable Network Graphmape format
for results output. An example output is shown in Figure £&2tensive visuali-
sation in graphical GOSt is enabled by the Simple Web Objeapfics language
SWOG [HanO05].

Gene Ontology Consortium web page [GO] suggests a partiaklordering
of evidence codes to assess the quality of results annatétedpeci c codes. We
have followed the suggestion and created a colour legeridéhects evidence
code quality by ranking better evidence codes with warméws, and lower-
guality codes with colder colours. Such a legend gives asbage view, and
allows the user to decide upon the common evidence behindekeaits. The
legend is available in Table 4.1.

KEGG Pathways are not part of the ordering, and brought obtaak to be
clearly distinguished from GO terms. It should be noted thatlence cod®&D
refers to the fact that the gene in question is annotated tdGothing is known
about it. The cod®A on the other hand, is part of GOSt interface rather than GO
evidence codes, and denotes that the gene in question isowhkn GO/KEGG
annotations at all.
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—q)

P-value T Q Q&T  Q&TIQ Q&TIT term ID term domain and name
’7 @
) 6) —
[ 1P | Bl | 726e08 1182 12 11 0917 0.009 KEGG:00000  PW1 KEGG pathways
" |
ﬂ m 1.81e-08 24 9 4 0.444 0.167 KEGG:00400 PW Phenylalanine, tyrosine and tryptophan biosynthesis
P | 2.79e-09 33 5 4 0.800 0.121 KEGG:00620 PW Pyruvate metabolism
P | P | P | 1.30e-23 48 12 11 0917 0.229 KEGG:00010 PW Glycolysis / Gluconeogenesis
(8) 7.27e-05 18 5 2 0.400 0.111 KEGG:00710 PW Carbon fixation
(10)
~]°
A0 [l °.) 1.59e-05 1951 12 11 0917 0.006 G0:0003824 MF catalytic activity
3.02e-06 83 9 4 0.444 0.048 G0:0016829 MF lyase activity
9.96e-08 36 9 4 0.444 0.111 G0:0016835 MF carbon-oxygen lyase activity
3.48e-08 28 9 4 0.444 0.143 G0:0016836 MF hydro-lyase activity
8.62e-12 5 9 4 0.444 0.800 (4) GO0:0004634 MF phosphopyruvate hydratase activity
1.15e-04 54 12 3 0.250 0.056 G0:0016853 MF isomerase activity
2.19e-06 15 12 3 0.250 0.200 G0:0016866 MF intramolecular transferase activity
1.70e-07 7 12 3 0.250 0.429 G0:0016868 MF ir activity, phospk
4.87e-09 3 12 3 0.250 1.000 G0:0004619 MF phosphoglycerate mutase activity
° ]
7] (9)
°]
7] ®)
]
10| 3.09e-04 1 2 1 0.500 1.000 G0:0030523 MF dihydrolipoamide S-acyltransferase activity
°]
°]
10| 3.09e-04 1 2 1 0.500 1.000 G0:0004742 MF dihydrolipoyllysine-residue acetyltransferase activity
=
&
&
El 4.78e-07 2 5 2 0.400 1.000 G0:0004743 MF pyruvate kinase activity
w ol
- @
]
. H 44 S—
# user: GOST web interface
(11 (@12) (13) (14)

# host: kotkas.ebc.ee

# time: 2006-4-8 2:57:0

# genome: Saccharomyces cerevisiae / 2006-3-17
#

# query length: 12

# YER178W YNLO71W YGR666W YALO38W YOR347C YGR254W YHR174W YMR323W YOR393W YDL021W
# YKL152C YOLO56W

Figure 4.2: Example of GOSt graphical output for an ordered quesyof 12 yeast genes.
Numerical columns are mostly ordered as shown in Figure 41}.Genes present in
query;(2) mapping intersectios\ G; onto queryGs, letters and different colours rep-
resent evidence codes, white boxes with gray edges show tohy(i2) p-value heatmap
for visual aid in locating very good value$4) signi cant results drawn in black(5)
insigni cant results drawn in gray{6) results sorted by hierarchical structure into sub-
graphs;(7) multiple evidence codeg8) unknown gene in query9) matching gene at
signi cance peak;(10) matching genes after signi cance pedl;l) hyperlink to query
with genes inG; (12) hyperlink to peak signi cance query with genes@y.y; (13) hy-
perlink to peak signi cance query with genes @y« \ Gy; (14) hyperlink to external
GO/KEGG data sources.
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C IC Inferred by curator
A | TAS | Traceable author statement
& p IDA Inferred from direct assay
M IMP | Inferred from mutant phenotype
G IGI Inferred from genetic interaction
P IPI Inferred from physical interaction
S ISS | Inferred from sequence or structural similarity
X IEP | Inferred from expression pattern
a | NAS | Non-traceable author statement
R | RCA | Inferred from reviewed computational analysis
& E IEA Inferred from electronic annotation
o | NR/ND | Not recorded, No biological data available
P p | KEGG | Mapped to KEGG pathway
? NA Not annotated

Table 4.1: Colour-coded evidence code legend used in GOSt.

4.3 Visualisation of matching terms

GOSt graphical web interface has the possibility to viewgsaphs of GO
terms that are represented in given user query. Terms withhpahild relations
and long descriptive names are drawn out as graphs (FigBye@&taph drawing
is based on the Graphviz software [GV] and included in SWQ6&rface [Han05].

Resulting terms are grouped as connected graphs, meawinglitterms in a
group share one or more common ancestors and are connetheoiatis. If sig-
ni cance lteris active, all the terms need to be above tin@s as well. The user
may also choose a tertrin output to see the subgraph formed by the (signi cant)
descendants df

The user may choose to view all matching terms, or only thbatranked
signi cant according to the threshold Iter. In the rst case, the query will nor-

58



mally result in a large subgraph for every domain of Bioladjierocess, Molecu-
lar Function and Cellular Component (and sometimes KEGGwat), as of the

True Path Rule, all paths toward root are always true foryetegm. In the second
case, resulting subgraphs may consist of several closiledeand unconnected
fragments with only a few terms, as common parents for theggrfents have
been ruled out by signi cance lter.

4.4 Ordered queries analysis

Fast analysis of ordered queries is one of the most impopangerties of
GOSt. The program's graphical user interface offers sondtiadal features for
visualising the peak signi cance and performing new intéikee queries based on
previous results.

For every term matching an ordered query, the peak signcedangth an p-
value is displayed. Genes appearing after the peak areligisdan a different
manner, as shown of Figure 4.2, poif® (10). We believe that investigat-
ing unannotated genes around signi cance peak may aid imahg putative
functional annotations of such genes.

The user may choose to plot out p-value approximations orgared query
length for single terms, groups of terms based on connect&s ftagments, or
subgraphs formed by descendants of a single term. If a signce threshold

lter is active, only p-values below threshold are shown.gide 4.4 shows p-
value approximation for Molecular Function terms resgjtthe above example

query.

4.5 Expression data analysis pipeline

GOSt includes a set of loosely bound modules that form a ipipdbr high-
throughput or interactive analysis of large sets of geneiggpsuch as results
from expression data analysis. We have developed mean®ffiongs Itering
and combining results from different methods, enabledljgrealculations on
computing clusters and grids.

First stage in the pipeline would involve query generati@uost Sorted List
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Figure 4.3: Example of GOSt graphical output for an ordered quesyof 12 yeast genes.
The graph represents terms of the Molecular Process dotmaimtatched the query in
Figure 4.2. Signi cance Iter was not applied, and therefprll matching terms are

shown.
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GOSt example of ordered query analysis

0.01

le-04

1le-06

P-value (log)

le-08

le-10

le-12
0 2 4 6 8 10 12

query length

Figure 4.4: Example of GOSt graphical output for an ordered quesyof 12 yeast genes.
The plot shows approximation for p-values of Molecular sscterms over the ordered
query in Figure 4.2. Signi cance lter is not applied, andcetiefore, all matching terms
and p-values are shown.

Browseris a tool for nding similar genes to a given gege. The program re-
guires an expression data matrix in textual format, andmsta user-de ned num-
ber of genes most similar to gege Multiple datasets of different organisms may
be added to Sorted List Browser. The user needs to specifgtandie measure
for determining the similarity of genes. Several distan@asures are available,
for exampleEuclidean distancand correlation distance Sorting is based on a
wrapper for the prograristances Fromimplemented as part of fast clustering
algorithms in [KulO4]. The user may also interactively s#gior genes in related
local datasets, using keywords, names, partial matchesegutar expressions.
Resulting gene identi ers may be then directed to GOSt fon&@ntology anal-
ysis. GOSt Expression Plottenay be activated for viewing the expression pro le
plot of the genes in the query. Another output leads to URLM&A®OI designed
to serve as a knowledge hub for linking external datasoUki&x].

A possible expression data analysis involves creating enwf sorted lists,
every list beginning with am priori interesting gene. We retrieve all signi cant
matches from GOSt for these ordered queries. We then lerésults by stating
some interesting thresholds for precision, recall, or jp@a\We observe expres-
sion pro les that occur within lists, and hierarchicallyuster the lists according
to expression pro les. Lists may also be grouped accordingigni cant terms,
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or represented subgraphs of signi cant terms. Finally waeugrand count signif-
icantly represented subgraphs to nd Gene Ontology terrasdharacterise best
the expression data set.

Most of the time-consuming calculations described abogealiteady experi-
mentally implemented in parallel environments, such aalloomputer clusters,
and larger GRID-based computing farms such as BalticGr{@d][BThe task of
nding similar genes or signi cant terms is rather simpleita most basic form.
Every gene or sorted list may be considered a separate grdabas does not re-
quire interaction with other processes. In this case, tlyefi&eparallelisation is
the distribution of input parameters, that is, genes, tiedéht processes, and the
aggregation of results from remote locations. In the caded#l clusters, this
can be easily achieved with Message Passing Interface (td&ipology [MPI].
Similar methods and interfaces are available for GRID-basenputing.
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Summary

Large-scale genetic studies such as microarray experanesilt in numerous
groups of genes that have shown biological evidence to biasiim some sense.
It is often useful to know what is commonly known about the egethat have
shown similar expression.

This Master's Thesis studies Gene Ontology (GO) hieraethiocabularies
of molecular function, biological process, and cellulamgmnent. GO terms are
widely used for annotating genes and gene products of vgenomes. We study
the Directed Acyclic Graph structure of GO, and propose aehfmit integrating
biological pathway data from the KEGG database. The integrascheme is
applicable to other kinds of knowledge; future developraémiolve integration
of different pathway databases as well as protein-protgeraction data.

The goal of GO and KEGG data analysis involves determiningraon an-
notations to a user-de ned group of genes. Due to hieraatiiature of GO, any
query will result in a number of matching terms, and stat#tsigni cance of
results needs to be observed for Itering out insigni canatthes. We investigate
statistical methods for determining signi cance of respylind standard multiple
testing corrections used in current Gene Ontology tooland&ird methods are
argued to be unsuitable for Gene Ontology analysis for ypaependent terms.
We investigate the behaviour of multiple testing corretsian simulation experi-
ments, and based on observed p-values, propose a new mettstinguishing
signi cant results.

Our work introduces a novel concept of analysing orderec gpreries. The
idea may prove useful in mining microarray data. For exarnqgole may be inter-
ested in a particular gene and a list of its closest similagtr®ours, and determine
the portion of genes from the head of the list, where a cef@@nterm or KEGG
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pathway reaches peak of signi cance. We propose a fastigigothat observes
intersection points, and estimates probabilities acragisen ordered query and
GO term.

Using signi cance thresholds and ideas for ordered setqnpose a method
for mining signi cant groups of related GO terms. For a givedered user query,
we determine all terms that have matched some portion ofghwith high statis-
tical signi cance. These terms are grouped together asrapbg of the general
GO structure. The signi cance lter effectively cuts off gt terms that are too
general to be interesting, and child terms that are too spézirepresent the
query.

The practical result of this Master Thesis is GOSt, a Gen®IOgy mining
tool. GOSt may be used as a command line tool for large-saatguatational
pipeline for microarray data mining. The graphical webifatee of GOSt enables
highly interactive analysis of gene sets. We have put griéaitt én visualisation
to make complex results understandable and interpretalisers.
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Geeniontoloogiate kaevandamise
programm GOSt

Magistritoo (40 AP)
Jiri Reimand

Kokkuvote

Tehnoloogilised arengud on muutmas molekulaarbioloogaaitsioonilisi
meetodeid. T6O keskmes ei pruugi olla vaid Gksik geen. Téhudale sekve-
neerimisele on saadaval aina enamate organismide genodvildokiipidega
teostatakse mahukaid katseid ning mdddetakse Uheaegfjaligpgeenide eks-
pressiooni. Tulemuseks on arvukad grupid geenidest, nkatses sarnaselt aval-
dunud. Edasiseks uurimiseks on kasulik vaadelda sarnestédg teadaolevaid
omadusi.

Geeniontoloogiad (GO) on esitatavad graa dena ning koestheraldkonna
hierarhiliselt struktureeritud sdnastikest. GO tern@igé saab kirjeldada geeni
ja geeniprodukti funktsiooni, protsessi ning asukohtausak GO on kasutusel
paljude organismide geenide annoteerimiseks. Kaesolagisimtoo esimene
peatikk annab Ulevaate t60 bioloogilisest taustast, u@i struktuuri ning
pakub valja skeemi KEGG bioloogiliste radade andmebagsgieerimiseks GO
andmekogusse. Skeemi saab tulevikus rakendada altesestiiandmekogude,
naiteks valk-valk interaktsioonide lisamiseks.

Geeniontoloogiate ja bioloogiliste radade analiilsis aisiks tlesandeks
kindlale geenihulgale teadaolevate annotatsiooniderligid. Ontoloogiate hie-
rarhilise struktuuri tottu vastab igale kasutaja geemggrde suur hulk erineva
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spetsii lisusega termineid. Seet6ttu tuleb hinnata igamuse statistilist olulisust
ning jatta valja terminid, mis ei ole paringus piisavaltekitud.

Kaesoleva to0 teises peatikis uuritakse viimalikke meatio@O tulemuste
olulisuse hindamiseks. Samuti vaadeldakse standardstnse testimise paran-
dusi, mis on kasutusel levinud GO tdédvahendites olulistentuste Itreeri-
misel. Mitmete autorite arvates ei ole standardsed pasa®iGO anallusiks
sobivad, kuna terminite vahel kehtivad hierarhilised sdasing tegemist ei ole
statistiliselt s6ltumatu testimisega. Magistrit66s ovstatud simulatsioon, milles
vaadeldakse stinteetiliste paringute statistilist aliglisning mitmese testimise
parandusi. Simulatsiooni tulemusena pakutakse vélja etudgved oluliste
tulemuste eristamiseks, mis votavad arvesse ontoloogiatdtuuri ning on
vastavuses mitmese testimise pohiméotetega.

Magistritdd kolmandas peatiikis vaadeldakse GO kaevarsgksisobivaid
kiireid algoritme ning pakutakse valja uudne idee jarjegtageeniparingute
analtiisiks. Naiteks vdib uurijale huvi pakkuda moni koekne geen ning hulk
sellele sarnaselt avaldunud geene. Geenide hulga voikesiold avaldumise sar-
nasuse jargi ning uurida, kui palju esimese geeni lahimaabreid on oluliselt
esindatud mdne GO terminina voi KEGG bioloogilisel rajarjdstatud loetelude
anallusiks on to6ds toodud kiire algoritm, mis vaatleb GOnter ja geenide
loetelu I16ikepunkte ning hindab olulisuse muutumist eratel loetelu pikkustel.

Eelnevas kirjeldatud olulisuse lavesid ning jarjestatnetdlude analtitisi on
t66s kombineeritud oluliste terminite gruppide leidmiselMeetodis kombinee-
ritakse hierarhiliste sidemetega gruppidesse need tamimis on statistiliselt
olulised mdnel loetelu pikkusel. Tulemusena saadakse G@kalamgraafe, mil-
les on esindatud antud loetelu kontekstis olulised temminOlulisuslave abil
jAetakse graa dest vdlja hierarhiliselt liiga tldisedijgd spetsii lised terminid.

Magistritoo praktiliseks valjundiks on geeniontoloogi&aevandamise prog-
ramm GOSt, millele on pihendatud t66 neljas peatikk. Peatiktoodud t66-
vahendi vBimalused, juhised kasutuseks, naited valjtjaighitlevaade mikro-
kiibi andmeanallusi tookavast. Mitmetahuliste tulemusteémisel on abiks prog-
rammi graa line kasutajaliides. Visualiseerimisel onwatiendis GOSt tahtis roll
ning seda vdib pidada programmi Uheks suuremaks tugevuseks
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