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Summary

Molecular biology o�ers a large, complex and volatile domain that tests
knowledge representation techniques to the limit of their �delit y, precision,
expressivity and adaptabilit y. The discipline of molecular biology and bioin-
formatics reliesgreatly on the useof communit y knowledge,rather than laws
and axioms,to further understanding,and knowledgegeneration.This knowl-
edgehas traditionally beenkept as natural language.Given the exponential
growth of already large quantities of data and associated knowledge, this is
an unsustainable form of representation. This knowledgeneedsto be stored
in a computationally amenable form and ontologies o�er a mechanism for
creating a sharedunderstanding of a communit y for both humans and com-
puters. Ontologieshave beenbuilt and usedfor many domainsand this chap-
ter explores their role within bioinformatics. Structured classi�cations have
a long history in biology; not least in the Linnean description of species.The
explicit use of ontologies, however, is more recent. This chapter provides a
survey of the need for ontologies; the nature of the domain and the knowl-
edgetasks involved; and then an overview of ontology work in the discipline.
The widest use of ontologies within biology is for conceptual annotation {
a representation of stored knowledge more computationally amenable than
natural language.An ontology also o�ers a meansto create the illusion of a
common query interface over diverse,distributed information sources{ here
an ontology createsa sharedunderstanding for the user and also a meansto
computationally reconcile heterogeneitiesbetween the resources.Ontologies
also provide a meansfor a schema de�nition suitable for the complexity and
precision required for biology's knowledge bases.Coming right up to date,
bioinformatics is well set as an exemplar of the Semantic Web, o�ering both
web accessiblecontent and servicesconceptually marked up as a meansfor
computational exploitation of its resources{ this theme is explored through
the myGRIDservicesontology. Ontologiesin bioinformatics cover a wide range
of usagesand representation styles. Bioinformatics o�ers an exciting appli-
cation area in which the communit y can seea real need for ontology based
technology to work and deliver its promise.
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1.1 In tro duction

This chapter givesan overview of the application of ontologies within bioin-
formatics. Bioinformatics is a discipline that usescomputational and mathe-
matical techniques to store, manageand analysebiological data, in order to
answer and explore biological questions.Bioinformatics has received a great
deal of attention in the past few yearsfrom the computer sciencecommunit y.
This is largely due to the complexity, time and expenseof performing bench
experiments to discover new biological knowledge. In conjunction with tra-
ditional experimental procedures,a biologist will use computer basedinfor-
mation repositories and computational analysis for investigating and testing
a hypothesis.Thesehave becomeknown as in silico experiments.

Laboratory bench and in silico experiments form a symbiosis. The in
silico representation of the knowledgethat forms a core component of bioin-
formatics is the subject of this chapter.

The biological sciences,especially molecular biology, currently lack the
laws and mathematical support of sciencessuch as physics and chemistry.
This is not to say that the biological scienceslack principles and under-
standing that, for instance, in physics allows us to predict planetary orbits,
behaviour of waves and particles etc. We cannot, however, yet take a pro-
tein sequenceand from the amino acid residuespresent deducethe structure,
molecular function, biological role or location of that protein. The biologist
hastwo options: First, to perform many laboratory experiments, in vitr o and
in vivo to acquire knowledge about the protein; second,the biologist takes
advantageof oneof the principles of molecularbiology, which is that sequence
is related to molecular function and structure. Therefore,a biologist can com-
pare the protein sequenceto others that are already well characterised.If the
uncharacterised sequenceis su�cien tly similar to a characterised sequence,
then it is inferred that the characteristics of one can be transferred to the
other. So a key tool of bioinformatics is the sequencesimilarit y search [1.4];
the characterisation of singlesequenceslies at the heart of most bioinformat-
ics, even the new high-throughput techniques that investigate the modes of
action of thousands of proteins per experiment. As the �rst method is ex-
pensive, both in terms of time and money, the latter can reducethe time to
characteriseunknown biological entities. Thus, we often seea cycle between
laboratory bench and the computer.

1.1.1 Describing and using Biological Data

It has been said that biology is a knowledge baseddiscipline [1.7]. Much of
the communit y's knowledge is contained within the communit y's data re-
sources.A typical resourceis the SWISS-PROT protein database[1.6]. The
protein sequencedata itself is a relatively small part of the entry . Most of the
entry is taken up by what the bioinformatics communit y refersto as`annota-
tion' which describe: physico-chemical features of the protein; comments on
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Fig. 1.1. An extract of the SWISS-PROT entry for Human Rhodopsin. Much of
the information is held in the comment �eld.

the whole sequence,such as function, disease,regulation, expression;species;
names and so on. All this can be consideredas the knowledge component
of the database.Figure 1.1 shows a typical annotation from SWISS-PROT;
note that the knowledgeis captured as textual terms describing the �ndings,
not numeric data, making use of shared keywords and controlled vocabu-
laries. Whilst this style of representation is suitable for human readers, the
current representation of the knowledgecomponent is di�cult to processby
machine. SWISS-PROT itself now has over 100000 entries (and growing ex-
ponentially), so its size makes it no longer suitable for human analysis and
computational support is needed.

As well as this knowledgecomponent, biological data is characterised in
the following ways:

{ Large quantit y of data { The genomesequencingprojects now mean that
data is being produced at increasingrates; a new sequenceis deposited in
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the public genomedatabaseEMBL every 10 seconds1. Microarray exper-
iments measuring geneexpressionand other high-through-put techniques
now mean that other data are also being produced in vast quantit y at
petabytes per year [1.40].

{ Complexity of data { It is di�cult to represent most biological data directly
in numeric form. Bioinformatics resourcesneednon-scalardata typessuch
as collections and records[1.10, 1.22]. Bioinformatics doesnot have a con-
venient data model; much bioinformatics data is kept in a natural language
text-based form, in either annotations or bibliographic databases.As well
as the basic data-representation, a characteristic of biology's data are the
many relationships held by each entit y. For instance, any one protein has
a sequence,function, a processin which it acts, a location, a structure,
physical interactions it makes,diseasesin which it may be implicated, and
many more. Capturing this knowledge makes biological data an extreme
exampleof complexity in representation.

{ Volatilit y of data { Once gathered, biological data is not static. As knowl-
edge about biological entities changesand increases,so the annotations
within data resourceschange.

{ Heterogeneity of data { Much biological data is both syntactically and
semantically heterogeneous[1.12]. Individual concepts, such as that of a
gene, have many di�eren t, but equally valid, interpretations. There is a
widespreadand deepissueof synomyny and homonymy in the labels used
for concepts within biology and as well as those used for the names of
individuals.

{ Distribution of data { Bioinformatics usesover 500data resourcesand anal-
ysis tools [1.13] found all over the Internet. They often have Web interfaces
and biologists enter data for analysis;cut-and-pasteresults to new Web re-
sourcesor explore results through rich annotation with cross-links[1.23].

As well as the large number of data resourcesthere are many analytical
tools that work over thesedata resourcesto generatenewdata and knowledge.
Thesetools su�er from the problemsof distribution, heterogeneity, discovery,
choice of suitable tool, etc. Some investigations can be carried out in one
resource,but increasingly, many resourceshave to be orchestrated in order
to accomplishan investigation. Often data resourceslack query facilities usual
in DBMS. The semantic heterogeneity between the resourcesexists both in
schema and the values held within those schema. The vocabulary used by
biologists to nameentities, functions, processes,species,etc. can vary widely.

This sceneleavesboth the curators of bioinformatics resourcesand their
userswith great di�culties. A typical user, as well as a bioinformatics tool
builder, is left trying to deal with the following problems in order to attempt
tasks:

{ Knowing which resourcesto use in a task;

1 http://www.ebi.ac.uk/
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{ Discovering instancesof those resources;
{ Knowing how to useeach of thoseresources,and how to link their content;
{ Understanding the content of the resourcesand interpreting results;
{ Transferring data betweenresourcesand reconciling values;
{ Recording all that occurred during the in silico experiment.

All these steps require knowledge on the part of the biologists. It is no
longer tenable for an individual biologist to acquire and retain this rangeand
complexity of knowledge. This means bioinformatics needs computational
support for storing, exploring, representing and exploiting this knowledge.
Buttler [1.11] givesa description of a bioinformatics task work
o w.

Ontologies describe and classify knowledge. Though biologists may not
have used the term `ontology', the use of classi�cation and description as a
technique for collecting, representing and using biological knowledge has a
long history in the �eld. For example,the Linnaean classi�cation of speciesis
ubiquitous2 and the Enzyme Commissionhas a classi�cation of enzymesby
the reaction that they catalyse [1.18]. Families of proteins are also classi�ed
along axessuch as function and structural architecture [1.16]. Over the past
�v e years there has been a surge of interest in using ontologies to describe
and share biological data re
ecting the surge in size, range and diversity of
data and the needto assemble it from a broad constituency of sources.The
GeneOntology Consortium haslaunchedOBO (OpenBiological Ontologies)3

which o�ers an umbrella to facilitate collaboration and dissemination of bio-
ontologies.

1.1.2 The Uses of On tologies in Biology

Ontologies are usedin a wide range of biology application scenarios[1.38]:

{ A de�ning databaseschema or knowledgebases.Public examplesinclude
RiboWeb,EcoCycand PharmGKB [1.2, 1.25, 1.36]. Commercialknowledge
basesinclude Ingenuit y4.

{ A commonvocabulary for describing,sharing, linking, classifyingquerying
and indexing databaseannotation. This is currently the most popular use
of ontologies in bioinformatics, and among many exampleswe can count
The GeneOntology, MGED 5, aswell as thoseoriginating from the medical
communit y such as UMLS6.

{ A meansof inter-operating betweenmultiple resources.A number of forms
appear, for example: indexing acrossdatabasesby shared vocabularies of
their content (domain maps in BIRN [1.9]), inter-database navigation in

2 http://www.ncbi.nlm.nih.gov/Taxonomy/
3 http://obo.sourceforge.net
4 http://www.ingenuity.com
5 http://www.mged.org
6 http://www.nlm.nih.gov/research/umls/
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Amigo using the Gene Ontology7; a global ontology as a virtual schema
over a federation of databasesand application (TAMBIS [1.15]); and a
description of bioinformatics servicesinputs, outputs and purposeusedto
classify and �nd appropriate resources,and control the work
o ws linking
them together. ( myGRID [1.42]).

{ A sca�old for intelligent search over databases(e.g.TAMBIS) or classifying
results. For example, when searching databasesfor `mitochondrial double
stranded DNA binding proteins', all and only those proteins, as well as
those kind of proteins, will be found, as the exact terms for searching
can be used. Queries can be re�ned by following relationships within the
ontologies, in particular the taxonomic relationships. Similarly, Fridman
Noy and Hafner [1.28] usean ontology of experimental designin molecular
biology to describe and generate forms to query a repository of papers
containing experimental methods. The extensionsto a typical frame based
representation allow them to describe accurately the transformations that
take place, the complexesthat form within an experiment and then make
queriesabout those features.

{ Understanding databaseannotation and technical literature. The ontolo-
giesare designedto support natural languageprocessingthat link domain
knowledgeand linguistic structures.

{ A communit y reference,where the ontology is neutrally authored in a sin-
gle languageand converted into di�eren t forms for use in multiple target
systems. Generally, ontologies have been developed to serve one of the
previous categoriesof use, and then adopted by others for new uses.For
example, the Gene Ontology, which will be the �rst of our detailed case
studies, was developed solely for databaseannotation but is now used for
all the purposesoutlined above. As we will discuss,this hashad an impact
on its form, representational languageand content.

Not only do ontologies o�er a meansfor biologists to improve represen-
tation of knowledge in their resources,but the very size, volitilit y and com-
plexity of the domain haspotential bene�t for computer scientists involved in
ontology research. If the technologiesproposedby ontology researchers can
deal with the biological domain, then it is most likely that it can cope with
a wide range of other domains, both natural and human-made. Before we
explore sometheseusesin more detail through a number of casestudies, we
should point out someof the di�culties in modelling biological knowledge

1.1.3 The Complexit y of Biological Kno wledge

One of the interesting aspects of the useof ontologies within bioinformatics
is the complexity and di�cult y of the modelling entailed. Compared to the
modelling of man-madeartefacts such asaeroplanes,somearguethat natural

7 http://www.godatabase.org
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systemsare di�cult to describe [1.19]. Biology is riddled with exceptionsand
it is often di�cult to �nd the necessary conditions for class membership,
let alone the su�ciency conditions. Often, biologists will `know' that x is a
member of y, despite it not having someof the samecharacteristics asall the
other members of y. There are several potential reasonsfor this, including:

{ Membership claims are in fact incorrect;
{ Current biological knowledge is not rich enoughto have found the appro-

priate necessaryand su�ciency conditions;
{ In the natural world, the boundariesbetweenclassesmay be blurred. Evo-

lution is often gradual and the properties that distinguish one classfrom
another may be only partially represented in someindividuals.

Jones[1.19] gives the following examplesand reasonsfor how di�cult mod-
elling biology can be:

1. A t ypical examples { Where an exampleof the classdi�ers from oneof
the de�ning features. For example,all eukaryote cells contain a nucleus,
but red blood cells do not [1.1, p18].

2. Multiple sibling instan tiation { Where a classinstance is a member
of multiple children of that class.For example, neuroendocrine cells be-
have like both endocrine and nerve cells (both kinds of remote signaling
cells) [1.1, p26], but do not satisfy all the characteristics of either cell
type.

3. Con text sensitiv e mem bership { Someclassesonly exist in certain
contexts. Chemists talk about a de�ned set of chemical bonds, but bio-
chemistssometimesalso include certain `weak bonds', such ashydropho-
bic bonds, when talking about molecules[1.1, p88].

4. Excluded instances { `Small organic molecules' are divided into four
kinds, `simple sugars', `amino acids', `fatty acids' and `nucleotides' [1.1,
p84]. The same source, however, then de�nes other kinds of molecules
that do not fall into theseclasses.

5. Non-instance similarit y { whereindividuals exhibit similar featuresto
those de�ning a class,but are not closeenough to be a member of that
class. For instance, mitochondria and chloroplasts, parts of eukaryotic
cells, are very similar to prokaryotic cells. These entities are thought to
have arisen from prokaryotes, but have becomesymbiotic and divergent
from their ancestors.

Jones et al give several such examples of the di�culties in modelling
biology. It is not necessarilythat modelling is more di�cult in biology than
other domains, but several of the commonly occurring factors cometogether
in modelling biology. The sample of `atypical examples' given above, bears
someinvestigation. Joneset al 's examplesare taken from an undergraduate
text book; such books often give `simpli�ed truth' or `staged revelation',
thus it is dangerousto take de�ning criteria from such resources.Like all



8 Stevens et al

modelling, the conceptualisationhasto comefrom many sourcesand depends
upon the task to which the ontology is to be used.

In the rest of this chapter the use,nature and representation of someex-
emplar bio-ontologies will be described. In Section 1.2 the needfor a shared
vocabulary for the annotation of database entries is described. The Gene
Ontology is usedas the exemplar for this topic { it can be seenas the driv-
ing force behind much of the ontology activit y in bioinformatics. Section 1.3
continues the theme of ontology as speci�c ation when the knowledge bases
RiboWeb and EcoCyc are explored. In Section 1.4 we move to the use of
ontology for query managementacrossmultiple databaseswith TAMBIS. Fi-
nally, in Section 1.5 several of these usescome together in an ontology of
bioinformatics servicesusedfor discovery in the myGRID project.

The ontologies we describe comein three representational forms:

{ Structured hierarchies of concept names;
{ Frames de�ning concepts assertedinto an isa hierarchy. Slots on frames

carry the properties of each concept and constrain their �llers. Both the
structured hierarchies of terms and framesrequire all conceptsto be com-
prehensively pre-enumerated;

{ Description Logics whoseconceptscan be combined dynamically via rela-
tionships to form new, compositional concepts.These compositional con-
ceptsare automatically classi�ed, using reasoning.Compositional concepts
can be made in a post co-ordinated manner: That is, the ontology is not
a static artefact, users can interact with the ontology to build new con-
cepts, composedof those already in the ontology, and have them checked
for consistencyand placed at the correct position in the ontology's lattice
of concepts.

Biology is naturally compositional and hard to pre-enumerate; however even
simple hand-crafted hierarchies are extremely useful.

1.2 Annotation: the Gene Ontology

The needfor annotation is the driving force behind much of the ontology ac-
tivit y within bioinformatics. Information about model organismshasgrown at
a tremendousrate, leading to the development of model organismdatabases.
Each has been built by an independent communit y of scientists, but the
driving aim is to unify the results to synthesize an overall understanding of
biological processes.Their e�ectiv e use therefore demandsa shared under-
standing in order to combine results. The Gene Ontology Consortium8 set
out to provide `a structured preciselyde�ned common controlled vocabulary
for describing the roles of genesand geneproducts in any organism' [1.40].

8 http://www.geneontology.org
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1.2.1 Features of The Gene On tology

The GO is really a handcrafted ontology in which phrasesare placed in a
structure of only is-a and part-of relationships. For example `GO:0019466
ornithine catabolism, via proline' is a phrase which informs the biologist
that the term represents the concept of catabolism of the chemical ornithine
with a particular intermediate chemical form proline. Thesephrasesform the
controlled vocabulary with which to annotate three speci�c aspectsof a gene
product:- its functions; its role in a biological process;and its localization
within a cell. Instead of using scienti�c English, annotation can now take
place with terms taken from GO. This leadsto better precision and recall of
information within onedatabaseand moree�ectiv e integration of information
across databases.

Concept De�nitions - Appropriate and consistent use of GO concepts
requiresall annotators to havea commonunderstandingof what each concept
represents. Therefore the GO consortium (GOC) placesa great deal of e�ort
in providing a de�nition for each concept.Currently over 60%of GO concepts
have a textual de�nition. The conceptsare represented asstrings descriptions
of increasingdetail coupledwith a unique identi�er that carriesno semantics.
This separatesthe labels as they are usedin the databasesfrom the current
de�nition of the term.

Hierarc hial organisation - It is impractical to deliver such a largevocab-
ulary as a simple list. Therefore the conceptsare organized into hierarchies.
The semantics of the parent child link is stated explicitly as either subsump-
tion or partomomy. Each concept can have any number of parents and so its
place in the hierarchy is represented as a directed acyclic graph (DAG).

The hierarchical structure is usedby usersfor a number of purposes:

{ In ternal Na vigation . The hierarchy actsasa way of grouping similar con-
cepts and so allowing annotators to �nd the concept they require quickly;

{ Database conten t bro wsing . The hierarchy acts as a index into each
database.GO Browsers,e.g.AmiGO 9 allow usersto link directly from the
hierarchical view of the ontology to databaseentries annotated with those
concepts(seeFigure 1.2).

{ Aggregate information . A GO Slim is a non-overlapping subsetof high-
level GO concepts.Aggregating all entries annotated with hierarchical de-
scendants of each GO Slim term can produce useful summary statistics.
The `GO summary' feature of the AmiGO browser demonstrateshow this
information is usedto provide a high level view of GO annotation statistics.

At the time of writing the GeneOntology standsat some15,000concepts
and continues to rapidly expand. Its successis attributed to many factors,
including:

9 http://www.godatabase.org
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Fig. 1.2. Screenshotof the Amigo browser showing how a Gene Ontology concept
`aldonic acid metabolism' has been used to annotate a Gene product entry in the
TIGR database.

{ There was no attempt to try to model everything but instead to chosea
narrow, but usefulpart of biology. Despite its narrow focusGO hasalready
gained wide acceptanceand it is already being used for purposesoutside
annotation;

{ There wasno attempt to wait for the ontology to be `complete'or `correct';
as soon as GO was useful, the GOC used it and put in place mechanisms
to deal with changesand the depreciation of terms. The GO identi�ers
hold no semantic information and thus separatethe labelling of database
entries from the interpretation of the labels. Biological knowledgechanges
constantly asdo ways of modelling that knowledge.As development is con-
tinuous they useCVS10 to manageversioncontrol. The GO editorial team
also annotate their terms with author date, de�nitions and provenance
argumentation.

10 http://www.cvshome.org/
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{ The processand the ontology is open and involves the communit y. The
development of GO is controlled by a small team of curators who manage
the publication and versioning activit y, with a wider team of active on-
tology developers who provide, update and correct the content. The GO
developers will take all suggestionsfrom the general communit y, process
them and incorporate or reject with reasonsin a timely fashion.

{ The developers are biologists and experts who have been supported by
knowledge management tools. Attempts by professionalknowledge engi-
neersto elicit knowledgefrom experts and do the modelling are doomedto
failure: the GO curators are all post-doctoral biologists and the GO repre-
sents their and their communities distilled and accumulated knowledge.

By these proceduresand principles GO has becomea widely used and re-
spected ontology within bioinformatics. The coverageof GO is narrow, but
nonethelessimportant. Molecular biology is a vast domain and an attempt
to cover the whole would have undoubtedly failed. GO was also created for
a speci�c purpose, namely that of annotation { there are many task that
GO doesnot support in its current representation, such as mappings to lin-
guistic forms that would make generationof natural languageannotations of
databaseseasier.GO has,however, demonstratedto the communit y that even
with a simple representation, a sharedview on the three major attributes of
geneproducts may be achieved.

1.2.2 Computationally Amenable Forms of GO

All the uses of GO described above revolve around human interpretation
of the phrase's meaning. However, there is a growing need for applications
to have accessto a more explicit machine interpretable description of each
phrase.For example, instead of relying on similarities of proteins by the sim-
ilarit y of their sequences,they could be clustered on the similarit y of their
function by grouping their GeneOntology terms. This requires several mea-
suresof `semantic similarit y', for example those of [1.29, 1.30] which exploit
both the DAG structure of GO, and the usageof GO terms within the vari-
ous databasesnow annotated with GO. This usesthe notion of `information
content', which says commonly occurring terms, like `receptor' are not likely
to be very discriminatory [1.32].

The de�nition of a metric for `semantic similarit y' between GO terms,
allows us to exploit the machine interpretable semantics of GO for large
datasets. By comparing these metrics to sequencesimilarit y measureswe
managedto isolate a number of errors in either GO, or the useof GO within
the annotated databases[1.29]. We have also investigated the use of these
metrics as the basisfor a search tool, to allow querying within a database11.

Perhaps the most pressing need is that of maintaining the structure of
the GeneOntology itself. The growing sizeand complexity of GO is forcing
11 http://gosst.man.ac.uk
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its curators to spend more and more time on the mundane task of maintain-
ing the logical consistencyand completenessof its internal structure. Within
GO many concepts have multiple parents. The maintenance of these links
is a manual process.Experience from the medical domain has shown that
numerousparent-child links are omitted in such hand crafted controlled vo-
cabularies[1.35]. While of lessimportance to manual interpretation, machine
interpretation will falter in the faceof such inconsistencies.

The GeneOntology Next Generation project (GONG) 12 aims to demon-
strate that, in principle, migrating to a �ner grained formal conceptualization
in DAML+OIL [1.17] will allow computation techniques,such as description
logics, to ensurelogical consistencyfreeing the highly trained curators to fo-
cus on capturing biological knowledge [1.43]. GO is large so GONG takes a
stagedapproach in which progressively more semantic information is added
insitu . Description logic reasoning is used early and often, and suggested
amendments sent to the GO editorial team.

To usethe description logic to maintain the links automatically, the con-
ceptsaredissected,explicitly stating the conceptsde�nition in a formal repre-
sentation. This provides the substrate for description logic reasonersto infer
new is-a links and remove redundant links.

Within a large phrasedbasedontology such as GO, which contains many
concepts within a narrow semantic range, it is possible to use automated
techniques to construct candidate dissections by simply parsing the term
name.For examplemany metabolism terms in GO follow the pattern `chem-
ical name' followed by either `metabolism',`catabolism' or `biosynthesis'. If
a term name �ts this pattern a dissection can be created from the relevant
phraseconstituents asshown in Figure 1.3. Thesepatterns have to be spotted
by a developer and the scripts that generatethe DL representation targeted at
the appropriate regionsof the GO. This provides a semi-automated,targeted
approach, which avoids patterns being too general: For example, confusing
`Protein Expression' and `GeneExpression', which may �t a generalpattern,
but where the former describesa `target' and the latter a `source'.

heparin biosynthesisis-a

is-a heparin metabolism class definedheparin biosynthesis
subClassOf heparin metabolism
subClassOf biosynthesis
restriction onProperty hasClass heparinacts_on

(a) (b)

dissection

components of phrase parsed out

Fig. 1.3. Diagram showing the dissection of (a) the GO concept heparin biosyn-
thesis in its original DAG into (b) a DAML+OIL lik e de�nition with additional
semantic information.

12 http://gong.man.ac.uk
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The processof dissection breaks down the existing concept into more
elemental conceptsrelated together in a formal semantic manner. These el-
emental conceptsare then placed in orthogonal taxonomies. Taxonomic in-
formation such as the classi�cation of chemical substanceswhich was pre-
viously implicit and repeated in many sections of the GO ontology is now
made explicit in an independent chemical ontology. The reasonercombines
the information in theseindependent taxonomies to produce a complete and
consistent multi-axial classi�cation. The changes reported by the DL rea-
soner represent mostly additional relationships hard to spot by human eye,
and not errors in biological knowledge.The e�ect of adding descriptions and
using the reasonercan be seenin Figure 1.4.

heparin biosynthesisis-a

is-a

glycosaminoglycan metabolism

heparin metabolism

heparin biosynthesisis-a

is-a glycosaminoglycan biosynthesis

is-a

heparin biosynthesis

is-a

is-a

is-a

glycosaminoglycan metabolism

heparin metabolism

(a) (b)

Fig. 1.4. Directed acyclic graph showing additional parent for heparin biosynthesis
found using the reasoner.

For example, the reasonerreported that `heparin biosynthesis' has a new
is-a parent `glycosaminoglycanbiosynthesis'. Thesereports can then be sent
to the editorial team for comment and action if necessary. Even at this early
stage of the GONG project, the utilit y of the approach can be recognised.
Many missing and redundant is-a relationships have been spotted, making
GO more complete and robust. Members of the GO editorial team have
recognisedthe potential of usingsuch a logic basedapproach to automatically
place conceptsin the correct location { a task seenas di�cult by the team
in GO's current hand-crafted form.

1.3 Schema De�nition: EcoCyc

The complexity of biological systems means that relational databasesdo
not make good management systems for biological data and their associ-
ated knowledge [1.22]. It is possibleto develop relational schemata for such
complexmaterial, but it is hard work. Major sequencerepositoriesare stored
in relational form, but using highly complex, lessthan intuitiv e schema.Such
repositories are managedby skilled bioinformaticians and databaseadmin-
istrators. For biologists investigating the data di�eren t presentations are re-
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quired. An object style approach, with its complex data types (especially
collectionsand userde�ned classesasdomains for attributes) makesontolog-
ical modelling of the data much easier.Object databaseshave not reached
the samelevel of technical reliabilit y as the relational form, but frame based
knowledgebasesprovide an object likeview of the world, but canstoreand re-
trieve large amounts of data e�cien tly . While many bioinformatics resources
have simply used a 
at-�le system to hold these data, others have explored
the useof ontologies to describe the data contained within that resource.

The elements within the ontology describe the data held in the resource
and these descriptions are used to gather and represent the facts described
by the ontology. These knowledge basesform one of the earlier usesof on-
tology within bioinformatics. Indeed, the development of the EcoCyc [1.25]
KB necessitatedthe description of a classi�cation of the function of gene
products [1.34]; an early forerunner of GO. EcoCyc usesframes as a knowl-
edgerepresentation formalism; using slots to gather all the attributes that
describe, for instance, a protein.

1.3.1 EcoCyc: Encyclopaedia of E.coli

EcoCyc usesan ontology to describe the richnessand complexity of a do-
main and the constraints acting within that domain, to specify a database
schema[1.24]. Classeswithin the ontology form a schema;instancesof classes,
with valuesfor the attributes, form the facts that with the ontology form the
knowledge base. EcoCyc is presented to biologists using an encyclopaedia
metaphor. It covers E. coli. genes,metabolism, regulation and signal trans-
duction, which a biologist can explore and useto visualiseinformation [1.26].

The instances in the knowledge base currently include 165 Pathways,
involving 2604 Reactions, catalysed by 905 Enzymes and supported by 162
Transporters and other proteins expressedby 4393Genes[1.26]. EcoCyc uses
the classi�cation of geneproduct function from Riley [1.34] as part of this
description. Scientists can visualise the layout of geneswithin the E. coli.
chromosome,or of an individual biochemical reaction, or of a complete bio-
chemical pathway (with compound structures displayed).

EcoCycusesthe frame-basedlanguageOcelot, whosecapabilities are sim-
ilar to those of HyperTHEO [1.24], to describe its ontology. The core classes
that describe the E. coli genome,metabolism, etc. include a simple taxon-
omy of chemicals, so that DNA, RNA, polypeptides and proteins may be
described. Chromosomesare made of DNAand Genesare segments of DNA,
located on a Chromosome. Pathways are collections of Reactions , that act
upon Chemicals. All E. coli genesare instancesof the classgeneand conse-
quently share the properties or attributes of that class.Each EcoCyc frame
or classcontains slots that describe either attributes of the biological object
that the frame represents, or that encode a relationship betweenthat object
and other objects. For example, the slots of a polypeptide frame encode the
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molecular weight of the polypeptide, the genethat encodesit, and its cellular
location.

EcoCyc's use of an ontology to de�ne a database schema has the ad-
vantages of its expressivity and abilit y to evolve quickly to account for the
rapid schema changesneededfor biological information [1.24]. The user is
not aware of this useof an ontology, except that the constraints expressedin
the knowledge captured mean that the complexity of the data held is cap-
tured precisely. In EcoCyc, for example, the concept of Geneis represented
by a conceptor classwith various attributes, that link through to other con-
cepts: Polypeptide product , Gene name, synonymsand identifiers used
in other databasesetc. The representation system can be used to impose
constraints on those conceptsand instanceswhich may appear in the places
described within the system.EcoCyc's ontology hasnow beenusedto form a
genericschemaMetaCyc, that is usedto form the basisfor a host of genomic
knowledge bases[1.27]. These ontologies are used to drive pathway predic-
tion tools basedupon the genomicinformation stored in the knowledgebase.
From the presenceof genesand knowledgeof their function, knowledgecan
be inferred about the metabolomes of the species in question [1.21]. Such
computations are not only possiblewith the use of ontology, but EcoCyc's
developers would argue that their ontology basedsystemand the software it
supports makessuch a complex task easier.

The rich, structured and constrained nature of these knowledge bases
mean that they form a better founded platform for bioinformatics software
than would be usual with, for instance, the communit y's reliance upon 
at-
�le storage. Ecocyc usesthe knowledgebaseto generatepathways, perform
cross-genomecomparisons and generate sophisticated visualisations. Simi-
larly, RiboWeb [1.2] usesthe constraints in its ontological model to guide a
user through the analysis of structural data: it captures knowledgeof which
methods are appropriate for which data and can use knowledge to perform
validations of results. Ontologies as bioinformatics database schema prove
their worth in capturing knowledgewith high �delit y and managingthe mod-
elling of complex and volatile data and associated knowledge.

1.4 Query Form ulation: TAMBIS

This section presents an approach to solving the problems of querying dis-
tributed bioinformatics resourcescalled TAMBIS (Transparent Access to
Multiple Bioinformatics Information Sources)[1.15]. The TAMBIS approach
attempts to avoid the problems of using multiple resourcesby using an on-
tology of molecular biology and bioinformatics to managethe presentation
and usageof the sources.The ontology allows TAMBIS: to provide a ho-
mogenisinglayer over the numerousdatabasesand analysis tools; to manage
the heterogeneitiesbetweenthe data sources;and to provide a common,con-
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sistent query-forming user interface that allows queriesacrosssourcesto be
precisely expressedand progressively re�ned.

A concept is a description of a set of instances,so a concept can also be
viewed as a query. The TAMBIS system is used for retrieving instancesde-
scribedby conceptsin the model. This contrasts with queriesphrasedin terms
of the structures used to store the data, as in conventional databasequery
environments. This approach allows a biologist to askcomplexquestionsthat
accessand combine data from di�eren t sources.However, in TAMBIS, the
userdoesnot have to choosethe sources,identify the location of the sources,
expressrequestsin the languageof the source,or transfer data items between
sources.

The steps in the processingof a TAMBIS query are as follows:

1. A query is formulated in terms of the conceptsand relationships in the
ontology using the visual Conceptual Query Formulation Interface. This
interface allows the ontology to be browsed by users,and supports the
construction of complex concept descriptions that serve as queries.The
output of the query formulation processis a source independent con-
ceptual query. The query formulation interface makes extensive use of
the TAMBIS Ontology Server which supports various reasoningservices
over the ontology, to ensurethat the queriesconstructed are biologically
meaningful.

2. Given a query, TAMBIS must identify the sourcesthat can be used to
answer the query, and construct valid and e�cien t source independent
query plans for evaluating the query given the facilities provided by the
relevant sources.Conceptsand relationships from the Ontology are asso-
ciated with the servicesprovided by the sources.

3. The Query Plan Execution processtakesthe plan provided by the planner
and executesthat plan over the Wrapped Sources to yield an answer to the
query. Sourcesarewrappedsothat they canbeaccessedin a syntactically
consistent manner.

The TAMBIS ontology describesboth molecular biology and bioinformat-
ics tasks. Conceptssuch asProtein and Nucleic acid are part of the world
of molecularbiology. An Accession number, which acts asa unique identi�er
for an entry in an information source,lies outside this domain, but is essential
for describingbioinformatics tasks in molecular biology. The TAMBIS ontol-
ogy hasbeendesignedto cover the standard rangeof bioinformatics retrieval
and analysis tasks [1.39]. This meansthat a broad range of biology has been
described. The model is quite shallow, although the detail present is su�cien t
to allow most retrieval tasks supportable using the integrated bioinformatics
sourcesto be described. In addition, precision can arise from the abilit y to
combine conceptsto createmore specialisedconcepts.The model is described
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in more detail in [1.7] and can be browsedvia an applet on the TAMBIS Web
site13.

The TAMBIS ontology is described using an early Description Logic
called GRAIL [1.31]. The GRAIL representation has a useful extra prop-
erty in its abilit y to describe constraints about when relationships are al-
lowed to be formed. For example, it is true that a Motif is a component
of a Biopolymer , but not all motifs are components of all biopolymers. For
example, a PhosphorylationSite can be a component of a Protein , but
not a component of a Nucleic acid , both of which are Biopolymers . The
constraint mechanism allows the TAMBIS model to capture this distinction,
and thus only allow the description of conceptsthat are described as being
biologically meaningful, in terms of the model from which they are built.

The task of query formulation involvesthe user in constructing a concept
that describesthe information of interest. By using a post-co-ordinatedontol-
ogy, TAMBIS is able to provide a variety of complex queriesover a range of
diversebioinformatics resources.Mappings from conceptsto resourcespeci�c
calls or valuesallows TAMBIS to deal with the heterogeneity present in the
resourcesand give the illusion of a common query interface. A small sample
of such queriesare: `Find the active sites of hydrolaseenzymes,with protein
substrates and metal cofactors' and 'Find all chimpanze proteins similar to
human apoptosis proteins'.

1.5 Service Disco very: the myGRID Service Ontology

Both data and analytical resourcesprovide servicesto bioinformaticians. A
characteristic of bioinformatics is the discovery of suitable resourcesand the
marshalling of those resourcesto work together to perform a task. However,
the `craft-based'practice of a biologist undertaking the discovery, interopera-
tion and management of the resourcesby hand is unsupportable, asdescribed
in Section1.1. Thesedi�culties mean that the discovery and assembly of re-
sourcesor serviceson those resourcesmust be at least semi-automated.

Userswill typically have in mind a task they want to perform on a par-
ticular kind of data. They must match this task against available services
taking into account the function of the service, the data it acceptsand pro-
ducesand the resourcesit usesto accomplishits goal. In addition, they must
select,from the candidatesthat can ful�ll their task, the onethat is best able
to achieve the result within the required constraints. This choice dependson
metadata concerningfunction, cost, quality of service,geographicallocation,
and who published it. The discovery processasa whole requiresa much more
conceptualdescription of a servicethan the metadata usually associated with
a web servicewhich focuseson its low level syntactic interface.

13 http://img.cs.man.ac.uk/tambis
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The processof narrowing down a selection into the appropriate set is
currently supported by simple conceptual classi�cations rather than sets
of individual conceptual descriptions, in a manner analogousto using the
Yellow PagesT M . This classi�cation of servicesbased on the functionalit y
they provide has been widely adopted by diverse communities as an e�-
cient way of �nding suitable services.For example, the EMBOSS suite [1.33]
of bioinformatics applications and repositories has a coarse classi�cation
of the 200 or so tools it contains, and free text documentation for each
tool. The bioinformatics integration platforms ISYS [1.37] and BioMOBY
(http://www.biomob y.org) use taxonomies for classifying services.The Uni-
versal Description, Discovery, and Integration speci�cation (UDDI) [1.41]
supports web servicediscovery by using a serviceclassi�cation such as UN-
SPSC[1.14] or RosettaNet [1.20].

The advent of the Semantic Web has meant that there is increasing in-
terest not only in the semantic description of content, but in the semantic
description of the servicesprovided through the Web [1.8]. As with EcoCyc
described earlier, ontologieshave beenusedasa schemafor the description of
web services.DAML-S [1.3] o�ers an upper level ontology for the description
of Web Services.Within myGRID (seebelow) ontologies can also provide the
vocabulary of conceptswith which to composethese descriptions. Working
with a formal representation such as DAML+OIL also allows classi�cations
to be validated/ constructed from these description as has been described
with the GONG project.

myGRID14 is a UK e-Sciencepilot project speci�cally targeted at develop-
ing open sourcehigh-level middleware to support personalisedsemantics-rich
in-silico experiments in biology. The emphasis is on database integration,
work
o w, personalisation and provenance,with a primary focus on the use
of rich ontology basedsemantics to aid in the discovery and orchestration of
services.myGRIDusesa suite of ontologies expressedin DAML+OIL [1.5], to
provide: (a) a schemafor describingservicesbasedon DAML-S; (b) a vocab-
ulary for expressingservicedescriptions and (c) a reasoningprocessto both
managethe coherencyof the classi�cations and the descriptions when they
are created, and the servicediscovery, matching and composition when they
are deployed.

1.5.1 Extending DAML-S in terms of prop erties

A key bottleneck in the utilisation of servicesis the discovery from the myr-
iad available those that will ful�l the requirements of the task at hand. This
discovery involves matching the users requirements against functional de-
scriptions of the available services.

DAML-S provides a high level schemain DAML+OIL with which to cap-
ture someof these functional attributes together with additional attributes

14 http://www.mygrid.org.uk
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describing authorship, cost etc. From our experiencein writing over 100 de-
scriptions, during the development of myGRID, for preexisting bioinformatics
serviceswe have found DAML-S de�ned attributes describing the inputs and
outputs to the service the most discriminatory. In addition, we felt it nec-
essary to add a set of attributes to the service pro�le to capture common
ways of describingbioinformatics service.Theseinclude a genericdescription
of the overall task; associated resources usedto ful�l the task; software tools
and algorithms with which the task is performed.

myGRID has additionally built a suite of DAML+OIL ontologies speci�c
to bioinformatics and molecular biology which provides the vocabulary for
the servicesto be described. Figure 1.5 shows how theseontologies are inter-
related.

Specialises. All concepts are subclassed 
from themore general ontology

Contributes concepts to form 
property based definitions

Informatics
 ontology

Web service 
ontology

Upper level
ontology

Publishing 
ontology

Molecular biology
 ontology

Bioinformatics
 ontology

Organisation
 ontology

Task 
ontology

Fig. 1.5. Suite of ontologies used in myGRID and their inter-relationships.

A standard upper level ontology forms the foundation for the suite of on-
tologies. An informatics ontology captures the key concepts of data, data
structures, databases,metadata and so forth. As the DAML-S service on-
tology is designedspeci�cally to support web servicesit becomesan exten-
sion of the informatics ontology. A bioinformatics ontology builds on the
informatics ontology adding speci�c types of bioinformatics resource such
as SWISS-PROTdatabase, BLASTapplication , and speci�c bioinformatics
data such asprotein sequence. By explicitly separatinggeneralinformatics
concepts from more speci�c conceptsapplicable only to bioinformatics, we
hope to reuseas much as possibleof the ontology suite for other domains.
A molecular biology ontology with which to describe the content of data
passedinto and out of bioinformatics services.Examples of conceptsinclude
protein , nucleic acid , and sequence. These concepts tend to be much
more general than found in existing ontologies such as the Gene Ontology.
Small publishing, organisation and task ontologieshave alsobeenconstructed
to provide the necessaryvocabulary for servicedescriptions.
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Figure 1.6 givesan exampleof the formal de�nitions for one of the oper-
ation BLAST-n which comparesa nucleotide sequenceagainst a nucleotide
sequencedatabaseusing alignment.

nucleic acid molecule

class defined

subClassOf

restriction onProperty hasClass
aligning restriction onProperty hasClass

restriction onProperty hasClass

restriction onProperty hasClass

restriction onProperty hasClass

restriction onProperty hasClassis_report_of

restriction onProperty hasClass

restriction onProperty hasClass
restriction onProperty hasClass

BLAST-n service operation
atomic service operation

performs_task
has_feature local

has_feature pairwise

produces_result

uses_resource

report sequence alignment

containsdatabase

encodesdata
is_sequence_ofsequence

Fig. 1.6. Fully expanded formal description of the BLAST-n service operation
written in a human-readable pseudo version of DAML+OIL.

Within myGRID, this ontology of servicesand its contributory ontologies
have provided the vocabulary for about a hundred bioinformatics servicede-
scriptions. Thesedescriptionshave beenlinked to entries within a UDDI ser-
vice registry allowing usersto search and �nd appropriate registeredservices
via a myGRID `web portal'. The use of a reasonerand the consequent post
co-ordinated nature of the ontology meansthat a 
exible variety of views or
queriesby the user can be provided. As well as searching for servicesby the
descriptions already assertedin the ontology, new `partial descriptions' can
be created, that provide more general descriptions of classes.It is easy for
instance, to create a new class`all servicesprovided by the European Bioin-
formatics Institute' or `all servicesthat take a protein sequenceas input'.

Concepts from the bioinformatics ontology can be used to give semantic
descriptions of data, both inputs and outputs, stored in a bioinformatician's
personal storage. This annotation would allow servicesto be sought by the
kind of data in hand. Such an activit y could also work backwards. Given a
particular `analytical goal', work
o ws could be composedbackwards to sug-
gest protocols to users.A bioinformatician could ask the question `how do I
generatea phylogenetic tree?'. Starting with the concept `Phylogenetic tree',
an inverseof the `output' relation would be followed to �nd the servicethat
generatessuch a tree. Continuing this processwould generatea rangeof pos-
sible paths by which that output could be derived. Similarly, decoration of all
thesedata with semantic annotations allows a variety of views to be taken of
thosedata. They can be organisedalong multiple axes,including experiment,
experimenter, genes,proteins, species,etc. Such 
exible semantic views allow
a personalisationof sciencethat is traditionally di�cult to achieve.

In the myGRID service ontology many themes of this chapter come to-
gether. The integrated ontology itself, provides a global schema, giving a
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commonview over all the servicesit includes.Like TAMBIS, it allows `query
concepts' to be built to retrieve servicessuited to the query. Heterogeneity
in the servicesare reconciledto the myGRIDontology to give a commonview.
Fragments of the ontology are also used for annotation of data and results
(that may also form data for input in their own turn) can be queried and
assembled using those semantic descriptions. Here, annotation, schema def-
inition and query formulation can be seenat one time in a bioinformatics
ontology.

1.6 Discussion

Ontologies have becomeincreasingly widely usedin biology becauseof need.
Scienceis all about increase in the understanding of the world about us;
so, the communities within a scienti�c discipline need to have a shared un-
derstanding. The Gene Ontology's principle purpose is to provide a shared
understanding between di�eren t model organism communities. The use of
ontologies to deliver terminologies for annotation of data is undoubtedly the
area of greatest use of ontologies within biology. The need for con�dence in
the use of terms when curating and querying resourcesis a strong driving
force behind this e�ort. The GO is without doubt the largest of thesee�orts,
but many others exist within the domain. To accommodate these e�orts,
the GeneOntology Consortium has launched OBO (Open Biological Ontolo-
gies)15, which o�ers an unbrella to facilitate collaboration and dissemination
of bio-ontologies and o�ers a set of rules for inclusion. One ontology will not
cover the whole of biology, soa rangeof ontologieswill have to work together;
moreover, ontologies needto be exchangedand preferably represented using
the sameformalism. The communit y originated the XOL exchange markup
language,that was one of the in
uences on the OIL ontology language,later
to becomeDAML+OIL. OBO hasenthusiastically embracedDAML+OIL as
a common language.

The original needto provide a sharedunderstanding mainly for humans,
is now leading towards an increasedemphasison sharedunderstandingwithin
and betweenhumansand computers.The GONG project (Section 1.2) shows
how modern Description Logic representation in the form of DAML+OIL can
beusedto manageGO to givea morecompleteand robust GO. This is a good
demonstration of the computer scienceontology communit y aiding domain
experts in building an ontology and a domain o�ering a superb test bed
for a new languageand technology. Bioinformaticians have a role to act as
intermediates betweenbiologists and the knowledgeengineeringcommunit y.

Knowledgemodelsarenot simply createdasinstancesof truth and beauty
{ they needto work and be useful. Knowledgebasessuch as EcoCyc provide

15 http://obo.sourceforge.net
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complex visualisation and prediction systems based upon their knowledge
and the representations have to work in order for this to happen.

Biology provides real world examplesof interesting, useful problems for
computer scientists to exploreand solve.Technology shouldbeable to freethe
scientists to do his or her science.If knowledge engineersbelieve ontologies
to be useful, then they should be able to be useful in biology. Are we able
to expressthe rangeand complexity of the biological world with high-�delit y
in our knowledge representation languages?Are our technologies, such as
reasoningservices,scalableto the sizeand complexity of the domain?Are we
able to cope with the volatilit y of scienti�c knowledge?Trying to cope with
all theseaspects will push at the boundariesof our technologies.

This interplay can be seenwithin the ontologiesdiscussedin this chapter:
The GO is relatively simple, but very widely used, with a huge commu-
nit y. It is also an on-going e�ort, being updated and releasedcontinually, as
the domain knowledge itself grows. EcoCyc usesan ontology in a standard
knowledge representation language to create a large knowledge base of in-
stancesthat can drive sophisticated visualisation and querying tasks. Again,
this ontology evolves with the communit y knowledge and has a large user
base. The other ontologies described lie more within the computer science
research comunit y and usebioinformatics as a rigorous test domain. GONG
demonstrates that description logics can aid such a communit y in building
and maintaining large, complex ontologies.TAMBIS and myGRIDagain show
that complex domains can be represented and managed with modern DL
technology. Theseprojects currently lie within the research domain and will
becomemore widely used as the bioinformatics communit y itself starts en-
larging and using the ontologies.

Classi�cation is an old, tried and tested scienti�c tool. The computer
scientists' understanding of the meaning of ontology is often wider than just
classi�cation, but it is no surprise that biologists take to the technology.
Classi�cation has formed an underpinning of sciencefrom the periodic table
of elements to the linnaean taxonomy of species.From organising data and
classesof data, newscienti�c insights may arise{ the most prominent example
of this is the periodic table of elements; the taxonomy of speciesalso re
ects
evolutionary change.New �elds of scienti�c investigation, like genomicsand
the wider �eld of bioinformatics, mean vast new �elds of data now need to
be organised.Ontologies o�er a good, 
exible way of organising these data
and what we know about thesedata. The ultimate dream of thosewho model
knowledgeis that their modelling will lead to new scienti�c insights. Maybe
this will happen with bio-ontologies.
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