CCO, a paradigm for knowledge integration
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1 PREAMBLE

New biological discoveries are being reported at an increas-
ingly rapid rate. Biological information finds its way to very
diverse locations ranging from journal articles to public da-
tabases associated with different sub-disciplines within bi-
ology and medicine. The integration of biological knowl-
edge from diverse sources into a common format is recog-
nized as a critical step toward hypothesis building [Racunas
et al., 2004, Pennisi 2005]. Indeed, such an integrated re-
source is essential for exploration and exploitation by re-
searchers and automated applications [Gardner 2005].
Knowledge integration is especially challenging for the
large volume of biomedical literature. Manual curation and
advanced text mining applications are becoming essential to
extract and convert knowledge from literature to database
formats. Converting and linking textual evidence to ontolo-
gies is yielding important new repositories of formally rep-
resented knowledge.

Ontologies are representational artifacts, comprising a tax-
onomy (as proper part), whose representational units are
intended to designate some combination of universals, de-
fined classes, and a series of relations among them [Smith et
al., 2006]. They support consistent and unambiguous knowl-
edge sharing and provide a framework for knowledge inte-
gration. An ontology links concept labels to their interpreta-
tions, i.e. specifications of their meanings and relations to
other concepts. As such, ontologies can be used to support
automatic semantic interpretation of textual information and
thus provide a basis for advanced text mining [Miiller et al.,
2004, Doms et al., 2005]. Until recently, most text mining
systems have not relied on ontologies or terminologies, ex-
plaining why biomedical text mining systems generally per-
form less well than text mining in other domains. The short
term solution to this may be to combine automatic informa-
tion retrieval with manual curation.

In addition to literature-dependent data, vast amounts of
literature-independent data are being generated by high-
throughput genome-wide analyses and accumulated in vari-
ous databases. These databases represent another resource
of context to infer biological function and to assess relations

between biological entities. To obtain a powerful structuring
and synthesis of all available biological knowledge it is es-
sential to build an efficient information retrieval and man-
agement system. Such a system requires an extensive com-
bination of data extraction methods, data format conversions
and a variety of information sources. This, in fact, lies at the
heart of systems biology: a branch of biological research that
is based on a multidisciplinary approach for data integration.

Structured and integrated knowledge provides the basis to
apply advanced reasoning approaches to validate hypotheses
and to generate new knowledge. Reasoning services can be
applied to a knowledge base at different levels, depending
on the type of user (molecular biologist, ontology agent,
etc.) who interacts with the system [Blake et al, 2006, My-
hre et al., 2006]. They can be used to re-engineer the design
of parts of the whole ontology or to design entirely new
extensions to it. Alternatively, developers or ontology engi-
neers can use reasoning services to check and maintain con-
tents quality of a knowledge base before deploying it.
Knowledge base curators can ensure that term redundancy is
minimized while maintaining sufficiently detailed descrip-
tions and consistency of the contents. Moreover, reasoning
tools can also be used to find new classes (more specific or
general) [Wolstencroft et al., 2007]. Finally, reasoning can
allow information retrieval and integration into new hy-
potheses that are consistent with the current knowledge.

To interpret experimental results the extraction of all rele-
vant information from a plethora of sources has become a
major challenge for the life scientist. To illustrate this, con-
sider the following scenario: a scientist would like to deter-
mine whether a novel protein (protein Y) interacts with cell
division cycle 2 kinase (cdc2). To answer this question, the
scientist first goes to a kinase pathway database' to obtain a
list of all known proteins that interact with cdc2 (e.g., cyclin
A, CKS). The scientist then asks whether protein Y is struc-
turally similar to any cdc2-interacting proteins. For this
he/she needs to query protein structural databases such as
SCOP? or CATH’ and as a result, protein X is found. This

! http://kinasedb.ontology.ims.u-tokyo.ac.jp
2 http://scop.mrc-Imb.cam.ac.uk/scop/
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leads to the prediction that protein Y interacts with cdc2.
Next, the scientist wishes to relate this interacting pair to a
particular signaling pathway or biological process. After
consulting for example KEGG* he/she finds out that this
gene pair is likely to be involved in cell proliferation con-
trol. During the information foraging described above, the
scientist had to constantly use literature databases and read
relevant articles, only to get more information on one novel
protein. In a systems biology approach this simply is not
tenable anymore. Therefore, integration of Dbiological
knowledge is recognized as a critical knowledge gap in sci-
ence [Cannata et al.,, 2005] and deemed essential for the
future of the biosciences because dissemination and exploi-
tation of the knowledge by automated applications will pro-
vide critical assistance to researchers who need to access
and connect the diverse information.

R0r .

Gene Of"ﬂ"ﬂw Ralationship ke
Ontology Ontology -

In-house

/ ontologies

NCBI taxa

Merging
Y

core_cco.obo |~ oboZowl e core_cco.owl

cco.obo r» obo2owl

Gene IntAct Relationship
Ontology* Ontology*  Ontology*

In-house
ontologies®

|
1

|

i

|

|

|

|

i

1

|

|

i

I

i

i

\ |
- ]
- ‘/Annulalinns |
|

i

|

|

i

|

I

1

|

|

i

I

i

|

i

|

1

1

Maintaining

ot

IDs

In-house
data*

% obozowl cco.cbo

Fig. 1. CCO development pipeline: set-up, data inclusion and life
cycle.

? http://www.cathdb.info/latest/index.htm]
* http://www.genome.jp/kegg/

2 CCO: CURRENT STATUS

In the context of the FP6 project DIAMONDS” an ontology
is being developed dedicated to the domain of cell cycle
research [Antezana et al., 2006]. This application ontology,
called Cell Cycle Ontology (CCO)®, comprises data from a
number of resources such as Gene Ontology [The Gene On-
tology Consortium, 2000], Relations Ontology [Smith B et
al., 2005], IntAct [Kerrien et al., 2006], NCBI taxonomy
[Wheeler et al 2000], UniProt [The UniProt Consortium] as
well as data from DIAMONDS partners. Fig 1 depicts the
system development pipeline: during the first phase (set-up)
some existing ontologies are integrated. Then, protein and
gene data is added in the second phase. Finally, during the
maintenance phase, a semantic improvement task is under-
taken. The resulting CCO is designed to provide a richer
view of the cell cycle regulatory process, in particular by
accommodating the intrinsic dynamics of this process. For
that purpose, three major components are considered: the
(persistent) entity itself, its spatial localization, and its tem-
poral localization (Fig. 2).
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Fig. 2. W3 paradigm (what-where-when). Sample piece of knowl-
edge: “Cyclin B (w;) is located in Cytoplasm (w,) during Inter-
phase (w3)”.

Here, we present recent advances of the Cell Cycle Ontol-
ogy project. CCO provides a test bed for the development of
new approaches and tools necessary to create a fully-fledged
knowledge base that enables deployment of advanced rea-
soning approaches for knowledge discovery and hypotheses
generation. CCO supports 4 organisms: Human, Arabidop-
sis, Baker’s yeast and Fission yeast. Presently, CCO holds
more that 20000 concepts (more than 1000 bio-molecules
and over 9000 interactions) and more that 20 types of rela-
tionships (Fig. 3). There is an ontology file for each of the 4

> http://www.sbeellcycle.org
® http://www.cellcycleontology.org




CCO, a paradigm for knowledge integration

model organisms (H. sapiens, S. cerevisiae, S. pombe and
A. thaliana). Each ontology file is available in several for-
mats: OBO’, OWL(-DL)®, XML, DOT® and GML'’. A set
of PERL modules'' has been developed to deal with OBO
ontologies and in particular with the format conversion is-
sues such as the mapping OBO to OWL'?. CCO is con-
stantly being cleaned and improved (addition of many more
terms and relationships). The ontology in OBO format can
be edited using OBO-Edit" and the OWL version can also
be edited using Protégé'®. We are in particular dealing with
the issue of performance, as the file size (in particular of the
OWL version) is starting to become prohibitive for specific
tools like Protégé.
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Fig. 3. CCO figures showing the number of biomolecules (proteins
and genes) and protein-protein interactions per organism: A.
thaliana (At), H. sapiens (Hs), S. cerevisiae (Sc) and S. pombe

(Sp).

The Semantic Web is a major endeavor of applied Computer
Sciences. It aims to enrich the existing Web with meta-data
and processing methods to provide web-based systems with
advanced (so-called intelligent) capabilities, in particular
related to context-awareness and decision support. Here,
reasoning capabilities will also ensure the smooth integra-
tion of ontologies and knowledge bases into the Semantic
Web.

Reasoning services have been exploited for checking data
consistency. Some preliminary results were shown previ-
ously [Antezana et al. 2006]. Currently, more elaborate con-

" http://www.geneontology.org/GO.format.obo-1_2.shtml

8 http://www.w3.org/TR/owl-features/
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' http://www.infosun.fim.uni-passau.de/Graphlet/GML/gmI-tr.html
" http://search.cpan.org/~east/

2 http://www.bioontology.org/wiki/index.php/OboInOwl:Main_Page
"% http://oboedit.org

' http://protege.stanford.edu

sistency checking has been performed (article in prepara-
tion), in particular focusing on ‘cellular localization’. Sev-
eral inconsistent annotations have been reported by the rea-
soner (RACER'®) based on some constrains defined at the
level of the protein class while using the OWL version of
CCO. Additional research needs to still be done in this di-
rection since granularity plays an important role [Bittner
2002] while checking or querying systems such as CCO. In
addition, an important extension of the reasoning capability
is required to deal with ‘fuzziness’, a component that is usu-
ally present in biological data. In that sense, a combination
of both issues (granularity and fuzzy data) needs to be con-
sidered. Let us consider the following use case: we are in-
terested in confirming whether or not protein A and B could
possibly interact. That is, we try to derive whether a spatio-
temporal relation between A and B is shared based on the
available data. As an initial data fact, we know that protein
A and protein C interact in the same location at the same
time (e.g. nucleus during the M-phase). Another data fact
confirms that C and A interact in the same place at the same
time (e.g. nucleus during the Interphase). Thus, we have A
same-time-same-place C and C same-time-same-place B.
The issue in both relations refers to approximate time at
different levels of granularity. This sort of questions and the
circumstances that could support that A same-time-same-
place B with the interpretation that both, A and B, interact
during the Interphase demonstrate the necessity of a solid
theory for reasoning at different levels of granularity. This
theory should also take into account uncertainty artifacts
that are common in biology. This type of reasoning can lead
to hypotheses that can be verified experimentally. Although
in some fields some progress has been achieved and a lim-
ited number of efforts [Rector et al., 2006, Donnelly et al.,
2006, Kumar et al., 2005] have been pursued for formaliz-
ing granular reasoning, to the best of our knowledge there
are no existing approaches combining granularity and uncer-
tain knowledge in biological sciences.

3 FUTURE WORK

Immediate CCO developments include tackling the per-
formance issues by the implementation of a database
backend. Also, reasoning at different levels of granularity is
foreseen after integrating non-crispy data and weighting the
current evidence of the existing biological relationships.
Finally, integration of many more data sources is foreseen
(e.g. homology, phosphorylation and so forth).
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