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Abstract

Bioinformalics researchers have long identilied the need Tor interoperation among prolein databases, knowledge bases and
other information sources. Despile advances, intercperation among knowledge and data sources is sill an issue with every
new protein data and information scurce fhal is created. We proposed Prolein Onlclogy (PO} in 2003 {see:
hitpciweew. proteincniclogyinfod) that provides an efficient integration and inleroperation [ramework among exisling prolein
data andinformation sources. In this paper we explore its design, current issue its development, and ils growing adoplion asa

slandard for representation inbiomedical domain.
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I. INTRODUCTION

Biology demonstrates three challenges for data
integration that are common in evolving scientific domains
but not typically found elsewhere. The first is the sheer
number of available data sources and the inherent
heterogeneity of their contents. Some of these sources
contain data from a single lab or project, whereas others
are the dafinitive repositories for very specific types of
information (e.q., for a specific genetic mutation). Not only
do these sources complicate the concept identification
issue previously mentioned (because they use highly
specialized data semantics), but their make it infeasible to
incorporate all of them inte a consistent repository,
Second, the data formats and data access methods
change regularly. These changes are an attempt 1o keap
up with the scientific evolution oocurring in the community
at large. However, a change in a data source
represantation can have dramatic impact on systems that
integrate that source, causing the integration to fail on the
new format. Third, the data and related analysis are
becoming increasingly complex. As the nature of
genomics and proteomics research evohves from a
predominantly wetlab activity into knowledge-based
analysis, the scientists’ need to access the wide variety of
available information increases dramatically, To address
this nead, information needs to ba brought together from
various heterogeneous data sources and presented to
researchers in ways that allow them to answer their
questions.

Problems facing genomics and proteomics data are
related to data semantics the meaning of data
represanted in a dala source and the difference betwean
semantics within a set of sounces [1]. Unfortunately, the

semanlics of biological data are usually hard to define
precisely because they are not explicitly stated but are
implicitly included in the database design. The reason is
simple: At 2 given fime, within a single research
community, common definitions of various terms are often
well understood and have precise meaning. As a result,
those within that community usually understand the
semantics of a data source without needing to be explicitly
defined. However, proteomics (much less all of biology or
life science) is not a single, consistent scientific domain; it
is composed of dozens of smaller, focused research
communities [2]. This would net be a significant issue if
researchers only accessed data from within & single
domain, but thal is not usually the case. Typically,
researchers require integrated access fo data from
muftiple domains, which requires resolving terms that
have slightly different meanings across the communities.
This is further complicated by the observations that the
specific community whose terminolegy is being used by
the data source is usually not explicitly identified and that
the terminology evolves aver time [3).

For proteomics, domain users frequently use web
sites as sources of profein data, but often fail to retrieve
the comect information due to the heterogenecus and
complex structure of the data formats. Recent progress in
proteomics, computational biology, and ontology
development has presented an opportunity to investigate
protein data sources from a unique perspective that is,
examining protein data sources through structure and
hierarchy of Protein Ontology (PO) [12-21]. Various data
mining akjorithms and mathematical models provide
methods for analyzing protein data sources; however,
thare are two issues that need to be addressed: (1) the
need for standards for defining protein data description
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and exchange and (2) eliminating errors which arise with
the data integration methodologies for complex queries.
Protein Ontology is designed lo meet these needs by
praviding a structured protein data specification for Protein
Data Representation. Protein Ontology is a standard for
representing protein data in a way that helps in defining
data integration and data mining models for Protein
Struclure and Function. Protein Ontology provides a
vocabulary for representing knowledge about the
proteomics domain and describes specific data sources
therein. The role of protein antology is to create explicit
specified conceptualizations that can be shared, reused,
and integrated in the analysis and design stages of
information and knowledge systems for bipinformatics.

Biomedical Knowledge of Proleomics Domain is
represanted in the Protein Ontology, whose instantiations,
which are undergoing evolution, need a good
management and maintenance system. Protgin Onlology
instantiations signify data and information about proteins
that is shared and has evolved 1o reflect development in
the Protein Ontology Project and the Proteomics Domain
itself. Protein Data and Knowledge captured in Protein
Onlology Concepls and Instantiations represents
absiraction of data sources and expertise in the
proteamics domain. Abstraction is divided into generic and
derved concepts of protein ontology. Protein Ontology
instantiations are derived as a result of populating protein
data and information and are referred fo as instances of
protein ontology classes. Instantiations are also known as
instance knowledge of the protein onlology. The
instanfiations of PO represent knowledge about
respective proteins, Concrete data instances about
various proteins fram underlying diverse prolein data and
knowledge sources are stored as PO instantiations in the
POlnstance Store.

The Protein Ontology Instance Store is created as a
repository for existing protein data using the PO format.
PO uses data sources that include new proteome
information resources like PDB [4], SCOP [T), and RESID
[8] as well as traditional sources of information where
information is maintained in a knowledge base of scientific
text files like OMIM [10] and from various published
scientific literature in various journals, The PO Instance
Store is represented using OWL. All the Protein Ontology
Instances are available for download
{http:/fproteinontology.info/proteins.htm) in OWL [22]
formal that can be read by any popular editor like Protégé
{hitp:/protege. stanford edu),

Il. PO INSTANTIATIONS TRANSFORMATION

In this section, we report in particular on how protein
data are transformed or mapped into concepts formed in

the profein ontology as instance knowledge. Protein
Ontology Web Retrieval System (PO-WEB) manages the
conneclion belween Protein Onlology Conceplual
Framework [19] and the Prolein Ontology Instance Store.
PO-WEB is built on top of Jena [9], which we would like to
gratefully acknowledge. Jena, developed by the Hewleti-
Packard Company, is a Java framework with the capacily
to manipulate ontologies. The version of Jena used is Jena
21. PO-WEB provides acquisition, navigation, and
querying of the Protein Ontology Instance Store.
A. Acquisition

In many cases, creators use different data
descriplors to refer to same real-world protein data. For
example creators of POB [4, 5] use the terms argan, fissue,
and organelie to specify the location of a protein molecule;
whereas creators of SWISS-PROT [6] use the lerms
subceliufar focation and iissue specificily for the same.
Without knowing that these terms mean similar things, a
researcher will miss important information about the
protein under study.

The process of acquiring data and knowledge from
the proleomics domain is described in this slage, which
applies algonthms and methods analyzing protein data
files and proteomics domain texts. The terminology used
by domain experts is defined in protein ontology. In this
study, inorder to collect a glossary of concepts (classes) for
the proteomics domain, firstly, an analysis was performed
on 4 major protein data sources: PDEB [5], SWISS-PROT
(B8], SCOP |7, and PIR [11]. For example, Atom records in
Protein Data Bank in PDB format |5] present the atomic
coordinates for standard residues. They also present the
occupancy and temperature factor for each atom. A typical
Atom Record is shownin Fig. 1.
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Fig.1 Protein Atoms described in POB format

An interface (Fig.2) is used o parse the data from
various protein dala sources like PDB and unify them in the
PO format. Protein dala is parsed according OWL schema
specifications,
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_Fig. 2 Converting Protein Data To PO Format

In this case, Atoms of a Protein Structure described in
PDB format are converted using this interface to an
instance of Atom Concep! stored in PO Instance Store
(Figure 3) represented using OWL Web Ontology

Language.
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Fig. 3: Atom Concept from PO Instance Store
B. Navigation

In this section, we deal with the accessing of
knowledge held in the PO Instance Store. Protein Ontology
concept structures are formulated so that they can easily
be navigated. The knowledge is provided in hierarchical
form so upper level concepls or lower level concepts or
adjacent concepts can easily be navigated. Technically for
this function, PO-WEB focuses on the Protein Ontology
Schemain OWL, and the set of statements that comprises
the abstracion and instantiations. To navigate the PO
Instance Store, PO-WEB reads Protein Oniology Schema
in OWL and then accesses the individual instances of the
elements. PO Conceptual Hierarchy with their brief
description s at; hitp/iproteinontology.infofhierarchy. htm

C. Querying
Protein Ontology can be formally represented using

an onfology language such as Ontology Web Language
{OWL) or Resource Description Format (RDF). Querying
Protein Ontology involves the formalization of each term
and the constraints used by the onfology. Some of the
formalisms not provided by OWL in which Protein
Ontology is represented are defined using Prolein
Ontology Algebra [18). Terms are represented through
classes, relations, functions, and instances. Queries to
extract Protein Ontology Concepts and Instances are also
formulated using Protein Ontology Specification and
Algebra (Fig. 4 and 5).
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Fig. 4 Concept and Attribute Selection
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Fig. 5 Query Results for the Selection
lll. CASE STUDY: PRION PROTEINS

Prion - short for proteinaceous infectious particle (-
on) that lacks nucleic acid (by analogy to vidon) - is a type
of infectious agent composed only of protein. It causes a
number of diseases in a variety of animals, including
bovine spongiform encephalopathy (BSE, also known as
mad cow disease) in cattle and Creutzfeldt-Jakob
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disease in humans. All Prion diseases affect the struciure
of the brain or other neural issue, and all are untreatable
and fatal. Al major Prion Proteing are available
for download from the FO Instance Store
{hitp:/iproteinontology.info/proteins. htmy),

A, Nustrative Example

in this section, examine how information is extracted
from PDB [ref] for a Prion Protein using Protein Ontology.
In this example, we show the conversion of Entry and
Three-dimensional atomic structures, and like B. Sublilis
discussed earlier, conversion of all data from PDB to
Protein Ontology is carried out. Inthe next section, we will
run tree mining algorithms on the three dimensicnal
protein structure data of Prion Proteins stored in the PO
Instance Store to study the similarity of patterns among
proteins.

Basic Information about Prion Protein, which is
described in terms of Tille, Keywords, Experimental
Method (EXPDTA), Source and Authors is felched from
Protein Data Bank (PDB 1D: 1SKH). This infarmation is
represented in PDB format as follows:
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Fig. & Protein Entry Information in PDB

This information is extracted from PDB and
described in Description Concapt of Protein Ontology in a
Web Ontology Language representation as follows:
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Fig. 7 Description Concept in PO

Organism and Cellular Source where protein
resides from PDB is described using Source Cell Concept
of Protein Ontology, and represented in Web ontology
Language as follows:
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Fig. 8 Source Cell Conceptin PO

Lasly, Atomic Coordinates for Standard Residues in
a Protein Struciure are represented by Afom Records in
PDE as follows:
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Fig. 9 Atom Records in PDB

The Atom Record (Atom ID: 3) is described in
Protein Ontology as Atominstance237170 and is
represented in Web Ontology Language as follows:
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Fig. 10 Atoms Concept in PO
B. Tree Mining PO Instances of Prion Profains

Tree Mining has atfracted much interest among the
data mining community, due to the increasing use of semi-
structured data sources for more meaningful knowledge
represeniations. This is particularly evident in areas such
as Bioinformatics, XML Mining, Web applications,
scientific data management, and more generally in any
area where the knowledge is represented in a free-
structured form. Our group's work in the area of frequent
subtree mining is characterized by adopting a Tree Model
Guided (TMG) candidate generation [37, 39] as opposed
to the join approach, which is commonly used. This non-
redundant systematic enumeration model ensures that
only valid candidates are generated which conform to the
actual free structure of the data. Furthermore, our unigue
Embedding List representation of the tree structure has
allowed for an efficient implementation of the TMG
approach which has resulted in efficient algorithms for
mining embedded subtrees (MB3) [37] and induced
subtrees (IMB3) [38], from a databases of labeled rooted
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ordered sublrees. MB3-R and IMB3-R algorithms [39] are
the latest implementations that adopt a more space
efficient global representation and store only the right
most path information for candidate subtrees.

& apply the MB3-R algorithm to the Prions dataset
[36] in order to extract the frequently occurring subtrees
and to check for efficiency of data mining algonthms on
PO Instance Store. Pricns dataset describes PO Instance
Store for Human Prion proteins in XML format [12, 13],
The XML tags are first mapped to integer indexes similar
to the format used in TMGJ [37]. Representing a label as
an integer instead of a sting label has considerable
performance and space-saving advantages. Since the
maximum height of the Prions tree structure is 1, all
candidate sub trees generated are induced sub trees.
The experiments were run on 3Ghz (Intel-CPU), 2Gb
RAM, Mandrake 10.2 Linux machine and compilation was
performed using GNU g++ (3.4.3) with g and 03
parameters. Occurrence-match support definiion was
used. The total run-time and memory usage of the MB3
algorithm is displayed in Fig. 11, for varying support
thresholds.
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Fig. 11{B) MB3-R Memory Usage

We also used some standard hierarchical and tree
mining algorithms (Tan et al., 2006a) on the PO instance
store. We compared our MB3-Miner {MB3) algorithm with
X3-Miner (X3), VTreeMiner (VTM) and PattemMatcher
(PM) for mining embedded subtrees and our IMB3-Miner

{IMB3) with FREQT (FT) for mining induced subtrees of PO
instance store. Figure 12 shows the time performance of
different algorithms.
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Fig. 12 Performance of Tree Mining Algorithms

Quite interestingly, with the Prion dataset of PO, the
number of frequent candidate sub trees generated is
identical for all algorithms (Fig. 13).
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Fig.13 Frequent Sub Trees for Prion Dataset

IV. ADOPTION OF PROTEIN ONTOLOGY AS A
STANDARD

Pratein Ontology is a part of Standardized Biomedical
Ontologies available through the National Center for
Biomedical Ontologies [23] along with Gene Ontology [24],
Flybase [25], and others (htip:/ichicapprd.stanford. edw
nchof facesipagesfontology_list.xhiml). Also different
research groups are using Prolein Ontolegy for different
purposes. Y. Wang et al, [26] shows Protein Ontology a3 an
example of a structured approach for knowledge modeling
providing solid inference and refrieval funclionalities. F.
Porto [27] discusses Protein Ontology in his report under
Ontologies for Bicinformatics. H. Tan et al. [36] use Protein
Ontology generated data set to evaluate their algorithms.
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A, Kupfer [28] use Protein Ontology along with Gene
Ontology to understand concepts when discussing a
coevolution appreach for database schemas. N.
Bolshakova et al. [29] discuss protein ontolegy under a
section on Biomedical Ontologies while comparing data
based and ontology based approaches for cluster
validation of microarrays. 1Qlue [30] referances Protein
Ontology when reviewing Ontology Development in their
white paper. L. Dhanapalan and Jake Y. Chen [31] discuss
protein ontology in detall when doing case study of
integrating protein interaction data using semantic web
technology. K. Pinagé and V. Brilhante [32] used Protain
Ontolegy for Protein Siructure Homology Modeling, Just
Recently researchers [33] discuss in detail Protein
Ontolegy along with other major biomedical ontologies,
while proposing a text mining based cntology construction
methodaology for Protein Data mainly for PIR database. A
Kupfer et al. [34] reuses the concept of chains from Protein
Ontology when proposing database ontolegy for signal
transduction pathways. Lastly, 2. Lacroix et al. [35] discuss
Protein Ontology briefly when proposing a semantic moedel
tointegrate bickgical resources.

V. FUTURE WORK

For Protein Functional Classification, in addition to
presence of domains, molifs or functional residues,
following factors are relevant; (a} similarty of three
dimensional protein structures, (b) proximity to genes (may
indicate that profeins they produce are involved in same
pathway), (¢} metabolic functions of organisms and (d)
evolutionary history of the protein. At the moment PO's
Functional Domain Classification does not address the
issues of proximity of genes and evelutionary history of
proteins. These factors will be added in future to complets
the Functional Domain Classification System in PO. Also
the Constraints defined in PO are not mapped back fo
protein sequence, structure and function they affect.
Achieving this in future willinter-link all the concepts of PO.

In reality, protein data sources are updated over a
period of time 1o reflect development in proteomics. Since
changes are inevitable during proteomics
experimentations, the Protein Ontology Instance Store is
constantly confronted with the evolution problem. If such
changes are not properly traced or maintained, this would
impede the use of the protein ontelogy. Therefore a semi-
automatic process becomes increasingly necessary to
facilitate updating tasks and lo ensure reliability. The
evolution problem of the PO Instance Store can be handled
partly by using the Difference Operator of PO Algebra [18].
It will suggest whether instances have not been entered
propery or whether there has been any change to the
underlying protein data and knowledge sources from which
the PO Instance Storeis populated.

VI. SUMMARY

In this paper, we discuss the implementation
methodology for the Protein Ontology based on
information systems research methodology. Hers, we
axplore the process of instantiations transformation from
Protein Data Sources to Protein Ontology Instance Store.
As a proof of concept, we also discuss case study of
Prions protein family. We also show the accuracy and
performance of the popular data mining algorithms on
Prion Dataset,

This paper also oullings various strengths of the
Pratein Ontology that make it an extremely useful tool for
protein data integration and data mining. The Protein
Ontology Project has been cited in over B0 scientific
publications to date, Here, we also discuss the prominent
usage of the Protein Ontology by some of research
groups. Lastly, we discuss in detail the future challenges
thal are baing addressed by the Protein Ontology Project.
The Protein Ontology is the first ontology of its kind that
was proposed for the purpose of integrating protein data
and information sources on this scale and has
tremendous polential to address challenges of
heterogeneity, data integration and interoperability
specifically in proteomics and generally in the biomedical
domain.
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