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Abstract

During recent years the increasing adoption of Open Data Initiatives and Lined Data

principles have lead to the creation of a globally distributed space of Linked Data that

covers various domains such as Government, Libraries, Life Sciences, Media, Geographic

and Social web. Approaches that conceive this data space as a huge distributed data

sources and enable an execution of declarative queries over this database hold an enormous

potential; they allow users to benefit from a virtually unbounded set of up-to-date data.

As a consequence, several research groups have started to study such approaches. The

Life Sciences domain has been one of the early adopters of Linked Data, and at present

a considerable portion of the Linked Open Data cloud is comprised of datasets from Life

Sciences Linked Open Data, known as LS-LOD. Although the publication of datasets as

RDF is a necessary step towards achieving unified querying of biological datasets, it is

not enough to achieve the interoperability necessary to enable a query-able Web of Life

Sciences data. This can be achieved either by “a priori integration”, by ensuring multiple

datasets make use of the same vocabularies and ontologies, or, alternatively using “a

posteriori integration”, which makes use of mapping rules that change the topology

of graphs such that integrated queries become possible. “a posteriori integration”, in

Biomedical and Life Science data sources is the topic of this thesis. This dissertation first

provides an analysis of freely and openly available data sources (SPARQL endpoints).

Public SPARQL endpoints were analysed with two considerations i. What is the content

of a public SPARQL endpoint? and ii. How self descriptive are these endpoints? For

analysing public SPARQL endpoints we defined a set of self descriptive SPARQL queries.

After this analysis we introduce the notion, namely Autonomous Resource Discovery

and Indexing (ARDI), for facilitating “a posteriori integration”, in Biomedical and Life

Science data sources. In particular, we introduce a Cataloguing and Linking mechanism

that enables us to formally query Biomedical and Life Sciences Linked Open Data on

the World Wide Web (WWW).

As of 31st March 2016, the ARDI consists of 263,731 triples representing 12,658 distinct

classes, 1,792 distinct properties and 13,027 distinct Orphan classes catalogued from 137

public SPARQL endpoints.

Based on these Cataloguing and Linking approaches, we propose BioFed which is a

federated query processing engine for Life Sciences Linked Open Data. BioFed offers a

single-point-of-access for distributed Life Science data which enables scientists to access

the data from reliable sources without extensive expertise in SPARQL query formulation.

BioFed federates SPARQL queries over more than 137 public SPARQL endpoints. Some

other practical applications of ARDI are introduced including its applicability in Drug

Discovery and Cancer Chemoprevention.



After demonstrating ARDI and its practical applications, this dissertation focuses on

presenting Linked Biomedical Dataspace (LBDS) that enables the semantically-enriched

representation, exposure, interconnection, querying and browsing of Biomedical data and

knowledge in a standardised and homogenised way. We provide three practical scenarios

known as workflows for using proposed LBDS and also list the Lessons Learned and

Recommendations for developing different components of LBDS as we believe our gained

insights will be useful for LD practitioners and researchers working on the topics similar

to those covered in this thesis.
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Chapter 1

Introduction

\If we knew what it was we were doing, it would not be called research, would

it?"

{Albert Einstein

The advent of the World Wide Web [12] has enabled public publishing and consumption

of information on a unique scale. Publishing on the Web is easy, low-cost and signi�cantly

accessible, with the size of the potential audience limited only by demand for the content

[13]. As a result, the Web consists of at least 41 billion unique documents [14] that create

a huge amount of information on a variety of topics. In the past few years, the Linked

Open Data cloud has earned a fair amount of attention and it is becoming the standard

for publishing data on the Web [15].

One of the ambitions behind the linked data e�ort is the ability to create a Web of

interlinked data which can be queried using a uni�ed query language and protocol,

regardless of where the data is stored. Central to this achievement is the adoption of the

Resource Description Framework (RDF) as the knowledge representation formalism, the

SPARQL protocol, and RDF query language for accessing the represented knowledge in

RDF.

The Life Sciences domain has been one of the early adopters of Linked Data, and a

considerable portion of the Linked Open Data cloud is comprised of datasets from Life

Sciences Linked Open Data, known as LS-LOD. The contributors include the Bio2RDF

1
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project1, Linked Life Data 2, Neurocommons3, Health Care and Life Sciences knowledge

base4 (HCLS Kb) and the W3C HCLSIG Linking Open Drug Data (LODD) e�ort 5.

The deluge of biomedical data in the last few years, partially caused by the advent of

high throughput gene sequencing technologies, has been a primary motivation for these

e�orts. These e�orts have been partially derived, and are still motivated, by the huge

amount of data in biomedical facilities in the past few years, partially caused by the

decrease in price for acquiring large datasets such as genomic sequences and the trend

towards personalised medicine, pharmacogenomics and integrative bioinformatics, which

will require a single interface, either programmatic or otherwise, to access and query Life

Sciences (LS) data forKnowledge Discovery.

Although the publication of datasets as RDF is a necessary step towards achieving

uni�ed querying of biological datasets, it is not enough to achieve the interoperability

necessary to enable a query-able Web of Life Sciences data since it solves only the

\Syntactic Interoperability" problem without addressing the \Semantic Interoperability"

problem [16, 17]. To achieve the ability for assembling queries encompassing multiple

graphs hosted at various places, it is therefore critically necessary that vocabularies and

ontologies are reused [18].

This can be achieved either by ensuring that multiple datasets make use of the same

vocabularies and ontologies, an approach that was previously described [19] as \a priori

integration" or, conversely, using\a posteriori integration" , which makes use of mapping

rules that change the topology of graphs such that integrated queries become possible.

For encouraging\a priori integration" through reuse of vocabularies and terminologies,

the National Centre for biomedical Ontology (NCBO) has created Bioportal6, a Web

repository for discovering biomedical vocabularies and ontologies.

Despite the popularity and availability of bio-ontologies through Bioportal and other

ontology registry services, it is still very common for Semantic Web experts to publish

Life Sciences datasets without reusing common vocabularies and terminologies. The

popularity of bio-ontologies has also led to an increase in the amount of overlapping

standards and terminologies, which in turn has led to criticisms regarding the low

adoption of existing standards [16]. As an example, the term \Drug" is matched in 38

Bioportal ontologies7 { it is not clear which of these should be chosen for maximising

interoperability or which of these should be chosen for publishing LD.

1http://bio2rdf.org/ (l.a.: 2014-03-31 )
2http://linkedlifedata.com/ (l.a.: 2014-07-16 )
3http://neurocommons.org/page/Main_Page (l.a.: 2014-07-16 )
4http://www.w3.org/TR/hcls-kb/ (l.a.: 2014-07-16 )
5http://www.w3.org/wiki/HCLSIG/LODD (l.a.: 2014-07-16 )
6http://bioportal.bioontology.org(l.a.:2016-06-12)
7http://bioportal.bioontology.org/search?query=Drug (l.a.: 2015-09-12)
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Researchers who wish to use the Web of data for meaningful queries, clinical decision

making or improved methods for Drug Discovery and for publishing their own datasets as

Linked Data while publishing their research work, often lack the community-established

resources for encoding data. An alternative approach relies on de�ning the rules to

transform the topology of the graphs thus enabling integration \a posteriori" even when

standards are not reused. The\a posteriori" solutions are favoured by Semantic Web

technologies as these include mechanisms to name two classes, for example describing ex-

periments and consider them to be \the same" [19]. This thesis focuses on a methodology

to facilitate the later approach.

1.1 Problem Statement

In the Life Sciences domain, Linked Data is extremely heterogeneous and dynamic

[20, 21]. This includes both syntactic as well as semantic heterogeneity. Furthermore

there is a recurrent need forad hoc integration of novel experimental datasets due to

the speed at which technologies for data capturing in this domain are evolving. As such,

integrative solutions increasingly rely on \federation of queries" [19, 22, 23]. With the

standardisation of SPARQL 1.1, it is now possible to assemble federated queries using

the \SERVICE" keyword, already supported by multiple tool-sets (SWobjects, Fuseki

and dotNetRDF).

To assemble queries encompassing multiple graphs distributed over di�erent places, it

is necessary that all datasets should be query-able using the same global schema [24].

This can be achieved either by ensuring that the multiple datasets make use of the same

vocabularies and ontologies, an approach previously described as\a priori integration"

or conversely, using\a posteriori integration" , which makes use of mapping rules that

change the topology of remote graphs to match the global schema [19]. The methodology

to facilitate the latter approach is the focus of this research. For Linked Data to become a

core technology in the LS domain, three issues need to be addressed:i) discover datasets

containing data on biological entities (e.g. Proteins, Genes),ii) retrieve information

about the same entities from multiple sources using di�erent schemas, andiii) Identify,

for a given query, the relevant data its source and availability.

1.2 Hypothesis

To address the aforementioned challenges, this thesis introduces the notion of Autonomous

Resource Discovery and Indexing (ARDI) { a representation of concepts and the links
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connecting these concepts (described in chapter 5). ARDI would not only help understand

which data exists in each LS SPARQL endpoint, but more importantly enable assembly

of multiple source-speci�c federated SPARQL queries. In other words, the ability to

assemble a SPARQL query that goes fromA (e.g. a neuroreceptor) toB (e.g. a drug

that targets that neuroreceptor), requires ARDI that clari�es all the possible \links"

between those two concepts.

Thus, the hypothesis can be summarised as follows:

\Given heterogeneous data from a publicly available Life Sciences Linked Open Data

corpus over distributed infrastructure, the improvements to SPARQL Query Federation

for Knowledge Discovery can be demonstrated (partially), achieving a posteriori integration

of data".

1.3 Methodology

Considering the research methodology for this thesis work, in a general perspective, the

research patterns following through out are the qualitative research methodology. The

thesis follows deductive approach while adhering to the design science research process.

Design science is one of two paradigms that characterises research in the Information

Systems (IS) discipline, behavioural science being the other [25]. A framework that

positions (i). IS research relative to the knowledge base of the IS community and (ii).

the environment where IS applications will operate, as proposed by Hevner et al., [25].

It provides the details of the di�erent interactions between the IS research on one hand

whereas the knowledge base and the environment on the other hand. It is proposed

that the use of Design Science (DS) research in the Information Systems research by

successfully making the case for the validity and value of DS as an IS research paradigm

[25]. Similarly based on other models e.g, proposed by March et al., [26], Walls et al.

[27] and Nunamaker et al. [28], along with considerable contribution by Hevner et al.,

[25], Pe�ers et al. [1] proposed Design Science Research Process (DSRP) as a guideline

to execute the process model of IS research methodology. Prefers et al [1] pointed out

limitations of the research guidelines in Information Sciences and recommend solutions.

The research during the thesis is carried out in the light of the following DSRP model.

Figure 1.1 illustrates the steps involved in DSRP.

Design Science Research Process (DSRP) is a comprehensive conceptual model for

Information Systems (IS) research [1]. It provides a mental model of how design science

research in IS should look like. It o�ers multiple entry points for research. As this

research is objective centred, DSRP steers the research starting with objective which

is followed by design, development, demonstration and evaluation respectively. The
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Figure 1.1: Design Science Research Process (DSRP) model (Pe�ers et al. [1])

iterative use of these steps facilitates to re�ne the research. Above all, the results are

communicated with in the relevant community thus making the research valuable.

1.3.1 Approach

The approach used for this research is objective centred. The problem is already identi�ed

as described under problem statement in section 1.1. Therefore this thesis has a clear

objective to provide solution to the existing identi�able research problem.

1.3.2 Problem Identi�cation and Motivation

A lot of work and research regarding\a posteriori integration" has been done in industry

and academics. Di�erent approaches and algorithms involved during\a posteriori

integration" were de�ned by di�erent authors but there is a lack of de�nition for \a

posteriori integration" for Life Sciences Linked Open data. Section 1.1 provides the clear

de�nition of the problem and highlights the motivation for the work presented in this

thesis.

1.3.3 Objectives of Solution

The objective of this research is to de�ne the approach that can facilitate\a posteriori

integration" in order to assemble queries encompassing multiple graphs distributed over

di�erent heterogeneous data sources. The results gathered from research (as a solution of

the speci�ed problem) are useful contribution to academic as well as industrial researches.
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1.3.4 Design and Development

The research presented in this thesis brings together contribution in di�erent steps with

distinct design and development outcomes. Chapter 4 describes the analysis of Public

SPARQL endpoints based on the content available and how much these endpoint are self-

descriptive. Similarly chapter 5 provides the approach generatingAutonomous Resource

Discovery and Indexingwhich includes cataloguing an linking the content of Life Sciences

public SPARQL endpoints. Chapter 6 introduces the query engine nameBioFed that

facilitates the Federated Query Processing over Life Sciences Datasets whereas chapter 7

narrates the lessons learnt and recommendations. All these contributions provide the

design and development of di�erent approaches, algorithms, techniques and prototypes

presented in the respective chapters.

1.3.5 Demonstration

In this thesis, the results will be demonstrated using a case study methodology of Quali-

tative Research approach. The context of cancer chemoprevention and drug discovery is

considered as a case study, used as a proof of concepts. Di�erent outcomes and stages of

the thesis are demonstrated and evaluated with state-of-the-art approaches available.

1.3.6 Evaluation

The �ndings and results during di�erent stages of the research are evaluated/ illustrated

using di�erent approaches. It is worth noting that evaluation is carried out with the

consideration of the e�ciency parameter rather than the quality aspects. The e�ciency

parameters considered for evaluation include\time taken for the results", \size of the

results" and \results completeness". The reason for considering the evaluation based on

e�ciency matrices rather then the quality aspects is that, this thesis does not deal with

the data curation or data publishing but data integration. All the experiments performed

over the publicly available data sources considered for this thesis are published as open

data and spread over the web of data, hence not under the control of data user.

1.3.7 Communication

The outcome and results of this research will be communicated among Information

Systems and Data Science community by making it available publicly. Suggestions and

opinions of other researchers will be used to re�ne current research for future work.
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1.4 Contribution and Thesis Structure

Throughout this thesis, a detailed performance evaluation for the application of de�ned

methods is provided, and fecundity of the proposed algorithms with respect to the Life

Sciences Linked Open Data corpus is discussed.

Semantic Web technologies are based on standards for data formatting and data access.

The result of the openness of the semantic Web data requires that data representation

has to be open as well and well speci�ed for public use. This approach has lead to

the data standards such as XML, RDF, RDFS, OWL and others. In the scienti�c

domain of relational databases, this openness is not given and each relational database

system follows its own data representation. As a shared element, SPARQL queries can

be performed on top of a semantic Web solution as well as on an accessible relational

database solution.

In the scienti�c domain of biomedical semantic Web solutions, signi�cant e�ort has been

made for the development of resources that represent a conceptualisation of the real

world (in the form of ontologies) and thus, enables data integration to a degree that the

resources contribute and less e�ort is spent on the integration as such. This leads to

the conclusion that such semantic data resources can be used for improvements in the

data access to federated data sources. The semantic representation in the data sources

contributes to the interoperability with or without introspection to the database content.

This thesis work explored the accessibility and the performance of existing solutions

under the consideration that they share part of the overall biomedical knowledge graph.

To transfer the insights from this research work to traditional information systems, these

systems would required to be based on the same domain knowledge and would have to

comply with the semantic interoperability criteria.

Two major and signi�cant contributions have been made to the scienti�c community:

Contribution (1): Data repositories in the biomedical domain are increasingly using

semantic Web technologies to achieve interoperability of data. In particular, the develop-

ment of semantic resources (such as terminologies and ontologies) has reached a degree

of complexity which is unchallenged from other scienti�c domains. The contribution of

this thesis is the evaluation of a large-scale set of publicly available data repositories

based on semantic Web technologies to determine interoperability,\a posteriori data

integration" and the performance analysis in the case of data federation.

Contribution (2): The research work of this thesis is focused on the\a posteriori data

integration" through the exposure of self-descriptive data from the distributed SPARQL

endpoints. This result leads into the automatic generation of the "Autonomous Resource
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Discovery and Indexing (ARDI)" which is delivered through automatic cataloguing

and linking techniques and forms the core to the\a posteriori data integration" . The

advantages of ARDI have been demonstrated in di�erent large-scale use case scenarios.

The remainder of the thesis is structured as follows:

ˆ Chapter 2 provides background on the World Wide Web, Semantic Web standards,

and Linked Data publishing;

ˆ Chapter 3 introduces core concepts and notation used throughout the rest of the

thesis;

ˆ Chapter 4 describes the analysis of Public SPARQL endpoints based on the content

available at those endpoints and how much these endpoint are self-descriptive;

ˆ Chapter 5 details the approach for generatingAutonomous Resource Discovery and

Indexing which includes cataloguing the content of biomedical, Healthcare and Life

Sciences public SPARQL endpoints; linking concepts and properties catalogued

from public SPARQL endpoints; and presenting the practical applications of the

proposed approach;

ˆ Chapter 6 introduces the query engine nameBioFed that facilitates the Federated

Query Processing over Life Sciences Datasets;

ˆ Chapter 7 narrates the overall lessons learnt and recommendations;

ˆ Chapter 8 provides critical discussion of the work presented in this thesis, suggestions

for future directions, and conclusions.

A graphical overview of this thesis is presented in Figure 1.2. This represents the overall


ow and structure of this writing and shows di�erent topics separated as chapters.

1.5 Impact

Parts of the work presented herein have been published in various international workshops,

at conferences and as journal articles, which are brie
y introduced as follows:

1. Detailed analysis of public SPARQL endpoints was published in the International

Journal on Semantic Web and Information Systems (IJSWIS), which served as

a precursor to work presented in Chapter 4. The name of the publication is

\SPORTAL : Cataloguing the Content of Public SPARQL Endpoints" [29].
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Figure 1.2: A graphical overview of Thesis

2. The biomedical Semantic Model was presented in Semantic Web Journal 2014 and

discussed in Chapter 5.1. The name of the publication was\A collaborative method-

ology for developing a Semantic Model for interlinking Cancer Chemoprevention

linked-data sources" [6].

3. The cataloguing mechanism and the related results were presented at the 4th

Joint International Semantic Technology Conference, (JIST 2014), which served

as a precursor to the work presented in Chapter 5, Section 5.3. The name of the

publication was \A Roadmap for navigating the Life Sciences Linked Open Data

Cloud" [8].

4. The linking approach and linking results were published at the International

Workshop on Ontology Engineering in a Data-driven World (OEDW), collocated

with 8th International Conference on Knowledge Engineering and Knowledge

Management (EKAW 2012), which served as a precursor to work presented in

Chapter 5, Section 5.4. The name of the publication was \Cataloguing and Linking

Life Sciences LOD Cloud" [7].

5. A proposed Query EngineBioFed, as one of the practical applications of the

proposed approach, is published at the Journal of biomedical Semantics, which

serves as a precursor to work presented in Chapter 6. The name of the publication

is \BioFed: Federated Query Processing over Life Sciences Linked Open Data"[11].

6. Lessons learned and recommendations for creating aLinked biomedical Dataspace- (a

combination of Semantic Model, ARDI (linking and cataloguing mechanism), query
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engine (BioFed), and a Real-time Visual Explorer and Aggregator of Linked Data

(ReVeaLD) ) was published at International Semantic Web Conference (ISWC2014),

which served as a precursor to the work presented in Chapter 7. The name of the

publication was \Linked biomedical dataspace: Lessons Learned integrating data

for Drug Discovery" [9].

Other relevant publications that also contributed to di�erent sections of the thesis include:

1. \Querying over Federated SPARQL Endpoints|A State of the Art Survey" , [30].

2. \A �ne-grained evaluation of SPARQL endpoint federation systems", published at

the Semantic Web Journal 2014, [10].

3. \Spamming in Linked Data" , published at the "Third International Workshop on

Consuming Linked Data (COLD2012), ISWC 2012 USA"[31].

4. \A Comparison of Federation over SPARQL Endpoints Frameworks", published at

the "Knowledge Engineering and the Semantic Web 2013", [32].

5. \Discovering domain-speci�c public SPARQL endpoints: a life-sciences use-case"

published at the "Proceedings of the 18th International Database Engineering &

Applications Symposium 2014", [33].

6. \Utilizing domain-speci�c keywords for discovering public SPARQL endpoints: a

life-sciences use-case"published at the "29th Annual ACM Symposium on Applied

Computing 2014", [34].

7. \ReVeaLD: Realtime Visual Explorer and Aggregator of Linked Data", developed

by Kamdar et. al, [35], as one of the practical applications of the proposed

approach was published, at Journal of biomedical Informatics 2014. The name

of the publication is "ReVeaLD: A user-driven domain-speci�c interactive search

platform for biomedical research".

8. \A Provenance Assisted Roadmap for Life Sciences Linked Open Data Cloud",

published at the "Knowledge Engineering and Semantic Web 2015", [36].





Chapter 2

Background

\Never memorise something that you can look up."

{Albert Einstein

This chapter introduces the set of concepts and topics required to understand the rest of

the content provided in this thesis. This chapter comprises a brief introduction to the

World Wide Web, Semantic Web, biomedical Data, biomedical ontologies and Linked

Data. The core building blocks de�ning these concepts with their formal de�nitions and

notations are provided in Chapter 3. Some parts of this chapter are based on the State

of the Art report presented at [37].

2.1 The World Wide Web

The World Wide Web (or simply the Web) is established as a system of resources

connecting each other to make a network that can be accessible via the Internet [13].

Remotely stored documents can be accessed using a globally unique address- a Uniform

Resource Locator (URL), that provides the location from which (and some information

regarding the means by which) the document can be retrieved/ accessed through the

Internet. Most of the times these documents consist of hypertext [38] that is speci�ed

using the Hypertext Markup Language (HTML). The World Wide Web was started by

Tim Berners-Lee during the early 80s when he began work on a hypertext documentation

engine called ENQUIRE. ENQUIRE was a functional predecessor to the World Wide

Web. During 1990 Berners-Lee proposed and implemented the initial versions of the

technologies that laid the foundations of today's Web [13]:

11
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ˆ the Hypertext Markup Language (HTML) used for encoding document formatting

and layout;

ˆ the Hypertext Transfer Protocol (HTTP) for client/server communication and

transmission of data particularly HTML over the Internet; the �rst Web client

software (a \browser" called WorldWideWeb), and software to run the �rst Web

server.

Over a period of time, graphical Web browsers for various platforms were developed

and an initial browser was released for the Windows Operating System, calledMosaic1.

Mosaic became popular as it was easy-to-install with an intuitive graphical interface.

With the introduction of the structured Gopher protocol [ 39], the Web became more and

more mainstream.

As of today, many websites including social networking sites such as Twitter2, Facebook3

and LinkedIn4 etc; video hosting sites such as dailymotion5, YouTube6; the Internet

Movie Database (IMDb)7; and the collaborative encyclopedia WIKIPEDIA 8, have become

signi�cantly popular as a service to submit, exchange, curate, and interact with user-

generated content typically in a highly collaborative and social environment [13]. This

also laid the foundation of the present day modern Web which is a highly dynamic and

signi�cantly 
exible platform for hosting, publishing, adapting, submitting, interchanging,

curating, editing and communicating various types of content. This current Web supports

many sites to boast large corpora of rich agent or machine-generated as well as user-

generated data- typically stored using database- where the content of di�erent sites is

primarily interconnected by generic hyperlinks [13].

2.2 The Semantic Web

Di�erent levels of referencing and cross-referencing of various Web documents require

two following conditions [13]:

ˆ data should be in the structured format and made available by respective sources

so that they be processed by machine either at the client or server side,

1http://www.ncsa.illinois.edu/enabling/mosaic/versions (retr.10/06/2016)
2https://twitter.com/ (retr.10/06/2016)
3https://facebook.com/ (retr.10/06/2016)
4https://linkedin.com/ (retr.10/06/2016)
5http://www.dailymotion.com/ (retr.10/06/2016)
6https://youtube.com/ (retr.10/06/2016)
7http://www.imdb.com/ (retr.10/06/2016)
8https://www.wikipedia.org/ (retr.10/06/2016)
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ˆ there should be some ways of resolving the identity of respective resources involved

so that consistent referencing and cross-referencing can be performed.

Considering these requirements Tim Berners-Lee [40] proposed the Semantic Web as\ a

variation, or perhaps more realistically, an augmentation of the current Web such that it

is more amenable to machine processing, and such that software agents can accomplish

many of the tasks that users must currently perform manually"[13].

The quest for matching equivalent �elds in di�erent systems, alternatively known as

mapping, bridging, linking or more generally interoperability, can be considered as a

multi-fold problem:

ˆ interoperability of the �elds or containers ( syntactic interoperability );

ˆ interoperability of the meaning of the terms in those �elds (semantic interoperabil-

ity ).

2.2.1 Syntactic Interoperability

According to the Oxford English Dictionary [ 41], 'syntax' is de�ned as the 'arrangement

of words (in their appropriate forms) by which their connection and relation in a sentence

are shown' or 'the department of grammar which deals with the established usages of

grammatical construction and the rules deduced therefrom'. Syntax in the traditional

sense is about the structure of sentences rather than just isolated terms combined as

triples (x is a /has a y). Hence, with syntax in the traditional sense, the challenges of

syntactic interoperability become [42]:

ˆ identifying all the elements in various systems,

ˆ establishing rules for structuring these elements,

ˆ mapping, bridging, creating crosswalks between equivalent elements using schemas

etc,

ˆ agreeing on equivalent rules to bridge di�erent cataloguing and registry systems.

According to the European Telecommunications Standards Institute (ETSI) syntactic

interoperability is usually associated with data formats. Certainly, the messages trans-

ferred by communication protocols need to have a well-de�ned syntax and encoding, even

if it is only in the form of bit tables. However, many protocols carry data or content,

and this can be represented using high-level transfer syntaxes such as HTML, XML or

ASN.12 [43].
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2.2.2 Semantic Interoperability

Semantics is de�ned as themeanings of terms and expressions. Hence semantic interop-

erability is the ability of information systems to exchange information on the basis of

shared, pre-established and negotiated meanings of terms and expressions, and is needed in

order to make other types of interoperability work (syntactic, cross-cultural, international

etc) [42].

According to the European Interoperability Framework (EIF), semantic interoperability

is concerned with ensuring that the precise meaning of exchanged information is un-

derstandable by any other application that was not initially developed for this purpose.

Semantic interoperability enables systems to combine received information with other

information resources and to process it in a meaningful manner[43]. This collection of

information results in the problem of information/data integration. Data integration is

of two types: a priori integration and a posteriori integration .

The terms a priori (Latin; \from former" ) and a posteriori (Latin; \from later" ) refer

primarily to species of propositional knowledge.A priori knowledge refers to knowledge

that is justi�ed independently of experience, i.e., knowledge that does not depend on

experiential evidence or warrant. In contrast, a posteriori knowledge is justi�ed by means

of experience, and depends therefore on experiential evidence or warrant. The distinction

between a priori and a posteriori knowledgemay be understood as corresponding to

the distinction between non-empirical and empirical knowledge9. A priori integration is

highly derived by the domain knowledge which is not the case in terms ofa posteriori

data integration.

This thesis focus mainly on semantically normalising the biomedical/ Life Science re-

sources (SPARQL endpoints) in order to achieve"a posteriori integration" , where syntax

also play an important role for data representation.

2.2.3 A priori integration

A priori integration relies on Linked Data representation and schemas that make use of

the same vocabularies and ontologies. In the context of querying Linked Data Cloud, this

mean that one can query only those sources (SPARQL endpoints) which share the same

representation/ vocabularies as written in the SPARQL query (Figure 2.1). In other

words all the sources under consideration have to agree upon the same representation in

order to talk i.e retrieve data. In practical scenarios where data generated by di�erent

sources, published by di�erent publishers using di�erent representations/ vocabularies

9http://www.newworldencyclopedia.org/entry/A_priori_and_a_posteriori (retr.10/02/2016)
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Figure 2.1: a-priori vs. a-posteriori integration

and hosted at distinct locations, it is di�cult to retrieve data spanning multiple sources.

In other words a priori integration requires data sources, ontologies, domain knowledge,

but may also hold biases towards the domain knowledge and requires up front integration

work.

2.2.4 A posteriori integration

A posteriori integration facilitates mapping rules between di�erent schemas, enabling

the modi�cation of the topology of queried graphs and the integration of datasets even

when alternative vocabularies are used. The\a posteriori integration" in the context of

querying Linked Data Cloud means that one is able to query those sources (SPARQL

endpoints) which do not necessarily share the same representation/ vocabularies as

mentioned in the SPARQL query issued (Figure 2.1). In other words all the sources

under consideration do not have to agree upon the same representation in order to

talk, i.e retrieve data. In practical scenarios where data generated by di�erent sources,

published by di�erent publishers using di�erent representations/ vocabularies and hosted

at distinct locations, it is realistic to retrieve data spanning multiple sources. In a

posteriori integration , the intermediate layer facilitates transforming the query so it can

access data from multiple sources irrespective of representation/ schema shared by those

sources. In other words\a posteriori integration" uses the resources as they are, both

syntactically as well as semantically, where the domain knowledge comes from the data

analysis and hold no biases towards the original data.

The distinction between \a priori" and \a posteriori" knowledge may be understood as

corresponding to the distinction between non-empirical and empirical knowledge.\A
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posteriori" requires some empirical exploration i.e. \by observation" of data resources,

but the counter-piece is broadly based on \scholarly knowledge" i.e. \by theory or

domain knowledge".

Hence\a posteriori" has an advantage in terms of e�ciency along with an independent

development and access to di�erent data sources. Whereas author believes that\a priori

integration" is better aligned with the domain knowledge, since the reuse of existing data

sources is essential to bring the domain knowledge in place.

Therefore, if someone exploits the ontologies/ vocabularies (\a prior" knowledge) for \a

posteriori query federation, the bene�ts from a priori knowledge (data integration) along

with \a posteriori data integration (query federation) can be achieved. But as per the

current state of LOD, where data is exposed as SPARQL endpoints, prior knowledge

in terms of ontologies/ vocabularies is not explicitly available. Therefore to the best of

author's knowledge the overlap between\a priori and \a posteriori" approaches remains

marginal to date.

There are multiple ways of addressing this problem ofa posteriori integration . One novel

approach is the topic of this thesis and will be discussed in detail in chapter (5 to 7).

2.3 Biomedical Data

As this thesis addresses the issue ofa posteriori integration in the biomedical and

Healthcare Life Science domain, it is important to introduce these data sources. The

biomedical research domain encompasses a wide range of spatial and temporal scales,

from genes to organism through protein, cell, tissue, and organ, as well as from molecular

events to human lifetime through cell signalling, di�usion, motility, mitosis and protein

turnover. Information available at those di�erent scales is organised in datasets and

libraries where each dataset mainly specialises in a particular type of data. The result is

a large number of established online datasets that describe human biology.

Nevertheless, an e�cient and comprehensive search activity across these datasets can

become quite problematic since similar data is located in many distributed datasets

and is usually available in di�erent data models and formats. As a result an individual

scientist could perform manual search in several databases, take the results returned,

change their format and paste them to the next database in search for an answer.

The semantic connectivity between biomedical data constitutes a critical issue of biomed-

ical scienti�c research. Moreover the adoption of linked data technologies will allow the

integration of biomedical datasets provided by di�erent and heterogeneous data sources
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Figure 2.2: Ontology spectrum by Jimeno et. al [2]

(i.e. research groups, libraries, databases), as well as the provision of an aggregated view

of the biomedical data in a machine-readable and semantically-enriched way that will

facilitate reuse.

At the schema level, these resources mainly consist of both domain ontologies and

terminological resources. Jimeno et.al propose a loose coupling between the domain

ontologies and lexicon. Considering both have di�erent purposes, they cannot be treated

with the same techniques nor simply merged into a common resource. Term vocabularies,

Dictionaries and Lexicon are used interchangeably and consist of a compendium of words

enriched with information of its usage [44]. Whereas a domain ontology is an explicit

specialisation of a conceptualisation [45].

Jimeno et. al propose a spectrum that classi�es ontologies and lexicon based on their

semantic expressiveness (Figure: 2.2).

Formal lexical resources are placed towards the left hand side of the spectrum, e.g.

Biolexicon [46], which contain terminology from several resources with some linguistic

relevant information. UMLS [ 47] has been categorised as a lexicon that has been used

within several applications in Natural Language Processing and text mining. Several

resources have been classi�ed between a lexicon and an ontology (e.g. UNIPROT KB

Taxonomy). More complex formally-de�ned and semantically enriched resources lie in

between the de�nition of ontology and lexicon like such as NCI Metathesaurus [48], MeSH,

the UMLS Metathesaurus and the OBO ontologies [15]. The extreme right-hand side of

the spectrum represents more formal ontologies such as FMA or Galen, which express

stronger semantics. In this thesis the focus lies on introducing biomedical resources

especially ontologies and biomedical data for achieving\a posteriori integration" . As a

proof of concept, in this thesis the use case of Cancer Chemoprevention and

Drug Discovery is selected. Hence in the rest of this chapter introduces the
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ontologies, libraries, databases, services and data resources relevant in the

context of Drug Discovery and Cancer Chemoprevention .

2.4 Biomedical Ontologies

There are several initiatives that address the need to standardise biomedical data. The

�rst standard terminology, namely the International Classi�cation of Diseases (ICD),

was created in 1893. Since then several terminologies have been created. However,

emphasis was given only to ensure that there are enough terms to cover the domain

of focus. Throughout the years, terminologies have advanced from simple lists and

hierarchies to formal representations on semantically interconnected terms. New methods

for representing terminologies have been explored, including those that make them more

usable by computers, e.g. representing the knowledge by the means of \ontology". As a

result, terminologies that follow this concept are often called \ontologies" [49], [50].

In the context of biomedical informatics, there are terminologies that are little more

than manually-created hierarchical arrangements of terms. Nevertheless their developers

consider them to be ontologies. While at the other end there are terminologies that

contain su�cient knowledge that their hierarchies can be automatically inferred. Almost

every biomedical terminology is located somewhere between these two extremes.

A large collection of biomedical ontologies or bio-ontologies are available nowadays.

These have mostly been developed as joint e�orts by various communities to enable easy

integration of biomedical data from both the literature and publicly-available biomedical

databases. This section reviews the most well-studied and prominent ontologies applicable

to biomedical research and especially Cancer Chemoprevention scenarios. Furthermore,

several general ontologies used for medical and clinical terms are investigated in order to

provide insights into how data can be represented.

These ontologies can fall into three main categories, namely biomedical Ontologies, Drugs

and Chemical Compound Ontologies and Upper Ontologies. The biomedical Ontologies

are mainly used by biomedical and Cancer Chemoprevention applications and de�ne

the basic biological structures (e.g. genes, pathways etc). The Drugs and Chemical

Compound Ontologies are related to the clinical drugs and their active ingredients.

Finally, the Upper Ontologies describe general concepts that many biomedical ontologies

share.
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1). Biomedical Ontologies:

ˆ Advancing Clinico-Genomic Trials on Cancer (ACGT) Master Ontology (MO) 10

ˆ Biological Pathway Exchange (BioPAX)11

ˆ Experimental Factor Ontology (EFO) 12

ˆ Gene Ontology (GO)13

ˆ Medical Subject Headings (MeSH)14

ˆ Microarray Gene Expression Data Ontology (MGED)15

ˆ National Cancer Institute (NCI) Thesaurus 16

ˆ Ontology for biomedical Investigations (OBI) 17

ˆ Uni�ed Medical Language System (UMLS)18

2). Drugs and Chemical Compound Ontologies:

ˆ RxNorm19

3). Generic and Upper Ontologies:

ˆ Basic Formal Ontology (BFO) 20

ˆ OBO Relation Ontology (RO) 21

ˆ Provenance Ontology (PROVO)22

10 http://bioportal.bioontology.org/ontologies/ACGT-MO (retr.10/02/2016)
11 http://www.biopax.org/ (retr.10/02/2016)
12 http://www.ebi.ac.uk/efo/
13 http://www.geneontology.org/ (retr.10/02/2016)
14 http://www.nlm.nih.gov/mesh/ (retr.10/02/2016)
15 http://bioportal.bioontology.org/ontologies/MO (retr.10/02/2016)
16 http://ncit.nci.nih.gov (retr.10/02/2016)
17 http://obi-ontology.org/page/Main_Page (retr. 31/01/2016)
18 http://www.nlm.nih.gov/research/umls/about_umls.html (retr. 10/02/2016)
19 http://www.nlm.nih.gov/research/umls/rxnorm (retr. 22/12/2015)
20 http://ontology.buffalo.edu/bfo/ ( retr. 10/04/2016)
21 http://obo.sourceforge.net/relationship/ (retr. 10/04/2016)
22 http://bioportal.bioontology.org/ontologies/PROVO/ (retr. 25/05/2016)
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2.4.1 Statistical overview of Ontologies

Table 2.1 provides implementation details and statistical overview of ontologies that

are listed in Section 2.4. This statistical overview provides an insight into the type or

category of ontologies. Important categories include i) Biomedical Ontologies, ii) Drugs

and Chemical Compound Ontologies, iii) Generic and Upper Ontologies. Table 2.1 also

provides information regarding the year of release (as per listed at Bioportal), the visibility

(public/ private) and implementation details (language and type of data) of di�erent

ontologies. The size and coverage of these ontologies in terms of total triples, number of

entries/ entities, dependency/or reuse of any ontology on others, sub-classi�cation and

brief description are also presented in the table. The statistical comparison of di�erent

ontologies is also presented in terms oftotal number of classes, total number of properties,

total number of individuals and maximum depth. These Statistical Ontology Metrics are

de�ned by Bioportal 23 that covers the items de�ned as follows:

1. Number of classes: the number of named (not anonymous) classes in the ontology.

2. Number of properties: the number of properties or slots in the ontology.

3. Number of individuals: the number of individuals in the ontology.

4. Maximum depth: the maximum depth of the hierarchy tree.

5. Average number of siblings: the average number of siblings at one level in the tree.

6. Maximum number of siblings: the maximum number of siblings in the ontology.

Abbreviations of di�erent terms used in Table 2.1 are listed in the table caption.

23 http://www.bioontology.org/wiki/index.php/Ontology_Metrics
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2.5 Libraries and Databases

The volume of published biomedical research, and therefore the underlying biomedical

data, is expanding at an increasing rate. This data has to be publicly available in order

to bene�t the biomedical community. For this reason many biomedical libraries and

databases exist that allow the researchers to access this data.

The scope of the libraries and databases varies. This section present a comprehensive

list of biomedical libraries and databases closely related to the Cancer Chemoprevention

that are typically used by the biomedical community in order to retrieve information.

The databases are separated into 10 categories: i) the Literature databases contain

publications and references related to the whole biomedical domain so they can be used

also for Cancer Chemoprevention, ii) the Natural sources of Chemopreventive agents

databases contain information about the sources (e.g. the natural products) in which

the agents can be found, iii) the Toxicity and E�cacy Databases contain information

for the toxicity of compounds used during the Cancer Chemoprevention research, iv)

Biological activity of compounds databases contain information about drugs, molecular

entities, biological activity of molecules/compounds and DNA damage/repair, v) the

gene expression databases contain pro�les of genes including their expression as well as

other information (e.g. clinical information), vi) the gene and DNA databases provide

access to nucleotide sequences and their protein translations, vii) the Chemical and

Physical structure databases provide access to information on chemical compounds and

their physical and chemical properties, viii) the Disease speci�c compound databases

correlate compounds with diseases, ix) the Pathway databases contain information about

the analysis and modelling of pathways and x) the Protein databases provide information

related to proteins.

1. Literature Databases:

ˆ Pubmed 24

ˆ PubMed Dietary Supplement Subset25

2. Natural Sources of Chemoprevention Agents Databases:

ˆ Dietary Supplements Labels Database26

3. Toxicity and E�cacy Databases:

ˆ ClinicalTrials 27

24 http://www.ncbi.nlm.nih.gov/pubmed (retr. 22/09/2015)
25 http://ods.od.nih.gov/research/PubMed_Dietary_Supplement_Subset.aspx (retr. 14/03/2016)
26 http://www.dsld.nlm.nih.gov/dsld/ (retr. 20/04/2016)
27 http://clinicaltrials.gov/ (retr. 20/08/2015)
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ˆ TOXicology Data NETwork (TOXNET) 28

4. Biological Activity of Compounds Databases:

ˆ Aggregated Computational Toxicology Resource (ACToR)29

ˆ DrugBank30

ˆ Chemical Entities of Biological Interest (ChEBI) 31

ˆ PubChem32

ˆ Repartoire Database33

5. Gene Expression Databases:

ˆ Cancer Gene Expression Database (CGED)34

ˆ ArrayExpress35

ˆ Gene Expression Omnibus (GEO)36

6. Gene and DNA Databases:

ˆ GenBank37

7. Chemical and Physical Structure Databases:

ˆ ChemSpider38

ˆ Chemical Compounds Database (Chembase)39

ˆ Sigma-Aldrich40

ˆ ChemDB41

8. Disease Speci�c Compound Databases:

ˆ Colon Chemoprevention Agents Database42

9. Pathway Databases:

28 http://toxnet.nlm.nih.gov/ (retr. 20/08/2015)
29 http://actor.epa.gov/actor/faces/ACToRHome.jsp (retr. 20/08/2015)
30 http://www.drugbank.ca/ (retr. 20/08/2015)
31 http://www.ebi.ac.uk/chebi// (retr. 20/08/2015)
32 http://pubchem.ncbi.nlm.nih.gov/ (retr. 20/08/2015)
33 http://repairtoire.genesilico.pl/ (retr. 20/08/2015)
34 http://lifesciencedb.jp/cged/ (retr. 20/08/2015)
35 http://www.ebi.ac.uk/arrayexpress/ (retr. 20/08/2015)
36 http://www.ncbi.nlm.nih.gov/geo/ (retr. 20/08/2015)
37 http://www.ncbi.nlm.nih.gov/genbank/ (retr. 20/08/2015)
38 http://www.chemspider.com/ (retr. 20/08/2015)
39 http://urlm.co/www.chembase.com#web (retr. 29/03/2016)
40 https://www.sigmaaldrich.com/catalog/ (retr. 20/08/2015)
41 http://cdb.ics.uci.edu/ (retr. 20/08/2015)
42 http://corpet.free.fr/ (retr. 20/08/2015)
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ˆ Kyoto Encyclopedia of Genes and Genomes (KEGG)43

ˆ Reactome44

ˆ Wikipathways 45

ˆ cPath: Pathway Database Software46

10. Protein Databases:

ˆ Universal Protein Resource (UniProt)47

ˆ Protein Data Bank (PDB) 48

ˆ Protein Database49

2.5.1 Literature Databases

2.5.1.1 Pubmed

PubMed is the most widely used source for biomedical literature. PubMed provides

access to citations from the MEDLINE database and additional Life Science journals

including links to many full-text articles at journal Web sites and other related Web

resources. The United States NLM (National Library of Medicine) at the NIH (National

Institutes of Health) maintains the database as part of the Entrez information retrieval

system. PubMed was �rst released in January 1996. Today much of the knowledge

available regarding Chemoprevention agents are only available as publications. As a result

PubMed is typically the primary source of information for most bio-medical researchers

[37].

2.5.1.2 PubMed Dietary Supplement Subset

Pubmed Dietary Supplement Subset is designed to limit search results to citations

from a broad spectrum of dietary supplement literature including vitamin, mineral,

phytochemical, ergogenic, botanical and herbal supplements in human nutrition and

animal models. The subset retrieves dietary supplement-related citations on topics

including but not limited to: chemical composition; biochemical role and function - both

in vitro and in vivo; clinical trials; health and adverse e�ects; forti�cation; traditional

43 http://www.genome.jp/kegg/ (retr. 20/08/2015)
44 http://www.reactome.org (retr. 20/08/2015)
45 http://www.wikipathways.org (retr. 20/08/2015)
46 http://cbio.mskcc.org/software/cpath/ (retr. 20/08/2015)
47 http://www.uniprot.org/ (retr. 20/08/2015)
48 http://www.pdb.org (retr. 20/08/2015)
49 http://www.hprd.org/ (retr. 20/08/2015)
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Chinese medicine and other folk/ethnic supplement practices; cultivation of botanical

products used as dietary supplements as well as surveys of dietary supplement use [37].

2.5.2 Natural Sources of Chemoprevention Agents Databases

2.5.2.1 Dietary Supplements Labels Database

The Dietary Supplements Labels Database o�ers information on label ingredients in more

than 5,000 selected brands of dietary supplements. It enables users to compare label

ingredients in di�erent brands. Information is also provided on the \structure/function"

claims made by manufacturers and can therefore be used to narrow down active ingredients

in di�erent types of food which may be applicable as Chemoprevention agents. Ingredients

of dietary supplements in this database are linked to other databases such as MedlinePlus

and PubMed in order to allow users to understand the characteristics of ingredients and

view the results of the research pertaining to them [37].

2.5.3 Toxicity and E�cacy Databases

2.5.3.1 ClinicalTrials

ClinicalTrials.gov is an up-to-date registry and results database of federally and privately

supported clinical trials conducted in the United States and around the world. Clinical-

Trials.gov o�ers information for locating federally and privately-supported clinical trials

for a wide range of diseases and conditions [37].

2.5.3.2 TOXicology Data NETwork (TOXNET)

TOXNET provides access to full-text and bibliographic databases oriented to toxicology,

hazardous chemicals, environmental health and related areas.

2.5.4 Biological Activity of Compounds Databases

2.5.4.1 Aggregated Computational Toxicology Resource (ACToR)

ACToR is an online warehouse of all publicly available chemical toxicity data and can be

used to �nd all publicly available data about potential chemical risks to human health

and the environment. ACToR aggregates data from over 500 public sources on over

500,000 environmental chemicals searchable by chemical name, other identi�ers and by
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chemical structure[37]. The data warehouse allows users to search and query data from

chemical toxicity databases including:

ˆ ToxRefDB (animal toxicity studies).

ˆ ToxCastDB (data from screening 1,000 chemicals in over 500 high-throughput

assays).

ˆ ExpoCastDB (consolidate and link human exposure and exposure factor data for

chemical prioritization).

ˆ Distributed Structure-Searchable Toxicity (DSSTox) is a database that provides

high quality chemical structures and annotations. Overall aims are to ensure the

closer association of chemical structure information with existing toxicity data.

2.5.4.2 DrugBank

The DrugBank [51] database is a bioinformatics and cheminformatics resource that

combines detailed drug (i.e. chemical, pharmacological and pharmaceutical) data with

comprehensive drug target (i.e. sequence, structure, and pathway) information. The

database contains 6826 drug entries including 1431 Food and Drug Administration

(FDA)-approved small molecule drugs, 133 FDA-approved biotech (protein/peptide)

drugs, 83 nutraceuticals and 5211 experimental drugs. Additionally 4435 non-redundant

protein (i.e. drug target/enzyme/transporter/carrier) sequences are linked to these

drug entries. Each DrugCard entry contains more than 150 data �elds with half of the

information being devoted to drug/chemical data and the other half devoted to drug

target or protein data.

2.5.4.3 Chemical Entities of Biological Interest (ChEBI)

ChEBI is a database and ontology of small molecular entities. The term'molecular entity'

refers to any constitutionally or isotopically distinct atom, molecule, ion, ion pair, radical,

radical ion, complex, conformer etc. that is identi�able as a separately distinguishable

entity. The molecular entities are either products of nature or synthetic products used to

intervene in the processes of living organisms. Molecules directly encoded by the genome,

such as nucleic acids, proteins and peptides derived from proteins by proteolysis cleavage,

are not as a rule included in ChEBI [37].
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2.5.4.4 PubChem

PubChem provides information on the biological activities of small molecules including

substance information, compound structures, and BioActivity data in three primary

databases. Pub-Chem is integrated with Entrez, NCBI's (National Center for Biotech-

nology Information) primary search engine, and also provides compound neighbouring,

sub/superstructure, similarity structure, BioActivity data, and other searching features

[37]. PubChem contains substance and BioAssay (Biological Assay) information from a

multitude of depositors. The system is maintained by the NCBI, a component of the

NLM, which is part of the United States NIH. PubChem can be accessed for free through

a web user interface. PubChem contains substance descriptions and small molecules with

fewer than 1000 atoms and 1000 bonds. More than 80 database vendors contribute to

the growing PubChem database.

2.5.4.5 REPAIRtoire Database

REPAIRtoire is a database resource for systems biology of DNA damage and repair. The

database collects and organises the following types of information: (i) DNA damage linked

to environmental mutagenic and cytotoxic agents, (ii) pathways comprising individual

processes and enzymatic reactions involved in the removal of damage, (iii) proteins

participating in DNA repair and (iv) diseases correlated with mutations in genes encoding

DNA repair proteins. REPAIRtoire also provides links to publications and external

databases. REPAIRtoire can be queried by the name of pathway, protein, enzymatic

complex, damage and disease. In addition a tool for drawing custom DNA-protein

complexes is available online.

2.5.5 Gene Expression Databases

2.5.5.1 Cancer Gene Expression Database (CGED)

CGED is a database of gene expression pro�le and accompanying clinical information.

The data of CGED was obtained through the collaborative e�orts of the Nara Institute

of Science and Technology, Osaka University Medical School, Kyoto University Medical

School and the Osaka Medical Center for Cancer and Cardiovascular Diseases in order

to identify genes of clinical importance. This database o�ers graphical presentation of

expression and clinical data with similarity search and sorting functions. CGED includes

data on breast (prognosis and docetaxel datasets), colorectal, hepatocellular, esophageal,

thyroid, and gastric cancers [37].
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2.5.5.2 ArrayExpress

The ArrayExpress Archive is a database of functional genomics experiments including gene

expression where one can query and download data collected to Minimum Information

about a Microarray Experiment (MIAME) and Minimum Information about a high-

throughput SeQuencing Experiment (MINSEQE) standards. Gene Expression Atlas

contains a subset of curated and re-annotated archive data which can be queried for

individual gene expression under di�erent biological conditions across experiments.

2.5.5.3 Gene Expression Omnibus (GEO)

The GEO is a public repository that archives and freely distributes microarray, next-

generation sequencing and other forms of high-throughput functional genomic data

submitted by the scienti�c community. In addition to data storage, a collection of

web-based interfaces and applications are available to help users query and download the

studies and gene expression patterns stored in GEO.

2.5.6 Gene and DNA Databases

2.5.6.1 GenBank

The GenBank sequence database is an open-access annotated collection of all publicly

available nucleotide sequences and their protein translations. This database is produced at

NCBI as part of the International Nucleotide Sequence Database Collaboration (INSDC).

GenBank and its collaborators receive sequences produced in laboratories throughout

the world from more than 380,000 distinct organisms. Release 155, produced in August

2006, contained over 65 billion nucleotide bases in more than 61 million sequences. The

input stream of data coming into the database is primarily as direct submissions from the

scienti�c community and individual laboratories as well as from bulk submissions from

large-scale sequencing centres on electronic media with little or no data being keyboarded

from the printed page by the databank sta�.

2.5.7 Chemical and Physical Structure Databases

2.5.7.1 ChemSpider

ChemSpider is a free access website for chemists to research structure-based information.

It links together chemical structures and their associated information across the web,
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providing a single searchable repository which contains millions of chemical structures.

ChemSpider builds on the collected sources by adding additional properties, related

information and links back to original data sources. It o�ers text and structure searching

to �nd compounds of interest; provides unique services to improve this data by curation

and annotation as well as to integrate it with user's applications. Moreover, the ChemSpi-

der SyntheticPages (CS|SP) 50, extends this model to cover reactions, providing quick

publication, peer review and semantic enhancement of repeatable reactions

2.5.7.2 Chemical Compounds Database (Chembase)

The Chembase collects and provides information on chemical compounds and their

physical and chemical properties, NMR (Nuclear Magnetic Resonance) spectra, mass

spectra, UV/Vis (Ultra-violet-Visible Spectroscopy) absorption and IR data. All data

available can be searched by various parameters or browsed by di�erent topics.

2.5.7.3 Sigma-Aldrich

The Sigma-Aldrich product database includes datasheets for commercially available

compounds including solubility.

2.5.7.4 ChemDB

ChemDB is a public database of small molecules available on the Web. ChemDB is built

using the digital catalogues of over a hundred vendors and other public sources and is

annotated with information derived from these sources as well as from computational

methods, such as predicted solubility and 3D structure. It supports multiple molecular

formats and is periodically updated, automatically whenever possible. The current version

of the database contains approximately 4.1 million commercially available compounds and

8.2 million counting isomers. The database includes a user-friendly graphical interface,

chemical reactions capabilities as well as unique search capabilities.

2.5.8 Disease Speci�c Compound Databases

2.5.8.1 Colon Chemoprevention Agents Database (CCAD)

The Colon Chemoprevention agents database [52] results from a systematic review of

the literature of Colon Chemoprevention in human, rats and mice. Target cancers are
50 http://cssp.chemspider.com/ retr. 21/10/2015
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colorectal adenoma and adenocarcinoma, aberrant crypt foci (ACF) (a preneoplasic

lesion), and Min mice polyp (adenomas in Apc+/- mutant mice). The Chemopreventive

agents are ranked by e�cacy (potency against carcinogenesis).

2.5.9 Pathway databases

2.5.9.1 Kyoto Encyclopedia of Genes and Genomes (KEGG)

KEGG is a database resource that integrates genomic, chemical, and systemic functional

information. In particular, gene catalogues are linked to higher-level systemic functions

of the cell, the organism, and the ecosystem. Major e�orts have been undertaken

to manually create a knowledge-base for such systemic functions by capturing and

summarizing experimental knowledge in computable forms namely in the forms of

molecular networks called KEGG pathway maps; BRITE functional hierarchies, and

KEGG modules. Continuous e�orts have also been made to improve the annotation

procedure for linking genomes to the molecular networks.

As a result KEGG is widely used for interpretation of large-scale datasets generated by

genome sequencing and other high-throughput experimental technologies. In addition to

maintaining the aspects to support basic research, KEGG is being expanded towards

more practical applications with molecular network-based views of diseases, drugs, and

environmental compounds [37].

2.5.9.2 Reactome

Reactome is an open-source, open access, manually curated and peer-reviewed pathway

database. Pathway annotations are authored by expert biologists in collaboration with

Reactome editorial sta� and cross-referenced to many bioinformatics databases. The

rationale behind Reactome is to convey the rich information in the visual representations

of biological pathways familiar from textbooks and articles in a detailed, computationally

accessible format. The core unit of the Reactome data model is the reaction. Entities

(nucleic acids, proteins, complexes and small molecules), participating in reactions

form a network of biological interactions, are grouped into pathways. Examples of

biological pathways in Reactome include signalling, innate and acquired immune function,

transcriptional regulation, translation, apoptosis and classical intermediary metabolism

[37].
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2.5.9.3 Wikipathways

Wikipathways [ 53] is an open, collaborative platform dedicated to the curation of biological

pathways. WikiPathways thus presents a model for pathway databases that enhance and

complement ongoing e�orts, such as KEGG, Reactome and Pathway Commons.

2.5.9.4 cPath: Pathway Database Software

cPath is a software platform for collecting/querying biological pathways. It can serve

as the core data handling component in information systems for pathway visualisation,

analysis and modelling. Using it, researchers can import interaction and pathway data

from multiple sources, access such data via a standard web interface, and export data

to third-party applications via a standards-based web service. Biomedical researchers

can utilise cPath for content aggregation, query and analysis. More speci�cally, its

main features include: i) Aggregate pathway data from multiple sources (e.g. BioCyc,

KEGG, Reactome), ii) Import/Export support with di�erent formats PSI-MI (Proteomics

Standards Initiative Molecular Interaction) and BioPAX, iii) Data visualisation using

Cytoscape and iv) Simple web service.

2.5.10 Protein Databases

2.5.10.1 Universal Protein Resource (UniProt)

The UniProt is a comprehensive resource for protein sequence and annotation data. The

UniProt Knowledgebase (UniProtKB) is the central hub for the collection of functional

information on proteins, with accurate consistent and rich annotation [37]. In addition

to capturing the core data mandatory for each UniProtKB entry, as much annotation

information as possible is added. This includes widely accepted biological ontologies,

classi�cations and cross-references, as well as clear indications of the quality of annotation

in the form of evidence attribution of experimental and computational data.

2.5.10.2 Protein Data Bank (PDB)

The PDB is a repository for the 3D structural data of large biological molecules, such

as proteins and nucleic acids. The data, typically obtained by X-ray crystallography

or NMR (Nuclear Magnetic Resonance) spectroscopy and submitted by biologists and

biochemists from around the world, is freely accessible on the Internet. Most major



Chapter 2. Background 32

scienti�c journals and some funding agencies require scientists to submit their structure

data to the PDB[37].

2.5.10.3 Protein Database

The Protein database is a collection of sequences from several sources, including transla-

tions from annotated coding regions in GenBank and TPA (Tissue plasminogen activator)

as well as records from SwissProt, Protein Information Resource (PIR), Protein Re-

search Foundation (PRF), UniProt and PDB. Protein sequences are the fundamental

determinants of biological structure and function.

Statistical overview of Libraries and Databases

Table 2.2 provides implementation details and statistical overview of Biological/ biomedi-

cal/ Life Sciences related libraries and databases presented in Section 2.5. This statistical

overview gives an insight regarding the type or category of database. Important cate-

gories include i) biomedical literature, ii) Natural Sources of Chemoprevention Agents,

iii) Biological Activity of Compounds, iv) Toxicity and E�cacy, v) Gene Expression, vi)

Gene and DNA, vii) Chemical and Physical Structure, viii) Disease Speci�c Compound,

ix) Pathways and x) Protein. Table 2.2 also provides information regarding the year of

release/ production/ and availability, the visibility (public/ private) and implementation

details (language and type of data) of di�erent databases. Size and coverage of these

databases in terms of total triples, number of entries/ entities, sub-classi�cation and

brief description are also presented in the table. Abbreviations of di�erent terms used in

Table 2.2 are listed in the table caption.
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2.6 Linked Data

Tim Berners-Lee [54] published the initial W3C Design Issues document outlining Linked

Data principles, rationale and practical examples. This generalised the earlier best-

practices for vocabularies, similarly espousing use of dereferenceable HTTP URIs for

naming and additionally encouraging inclusion of external URIs as a simple form of

linking. This in turn spawned some initial e�orts to promote and support these principles

with tools such as the Tabulator browser [54] enabling browsing over RDF published on

the Web as Linked Data. In March 2007 the W3C Semantic Web Education and Outreach

(SWEO) Interest Group announced a new Community Project called\Interlinking Open

Data" 51 that was subsequently shortened to\Linking Open Data" (LOD) . The goal of

the Linked Open Data project is twofold: (i) to bootstrap the Semantic Web by creating,

publishing and interlinking RDF exports from these open datasets, and, (ii) introduce the

bene�ts of RDF and Semantic Web technologies to the broader Open Data community

[55]. The LOD project initially found attraction through the e�orts of academics and

developers in research labs converting existing data, most prominently the DBpedia

project [56] that extracted structured data from the collaboratively edited WIKIPEDIA

site, but also spread to mainstream corporate entities such as the BBC52, Thompson

Reuters53, the New York Times54 and various governmental agencies resulting in a

burgeoning, heterogeneous Web of Data built using Semantic Web standards augmented

with Linked Data principles [ 55]. Linked Data aims to make data available on the Web

in an interoperable format so that agents can discover, access, combine and consume

content from di�erent sources with higher levels of automation than would otherwise be

possible [57]. The envisaged result is a\Web of Data" , a Web of structured data with

rich semantic links where agents can query in a uni�ed manner, across sources, using

standard languages and protocols. Over the past few years, hundreds of knowledge-bases

with billions of facts have been published according to the Semantic Web standards

(using RDF as a data model and RDFS and OWL to provide explicit semantics) following

the Linked Data principles.

As a convenience for consumer agents, Linked Data publishers often provide a SPARQL

endpoint for querying their local content [58]. SPARQL is a declarative query language

for RDF in which graph pattern matching, disjunctive unions, optional clauses, dataset

construction, solution modi�ers etc. can be used to query RDF knowledge-bases. The

recent SPARQL 1.1 release adds features such as aggregates, property paths, sub-queries,

51 http://www.w3.org/blog/SWEO/page-2 retr. 20/08/2015
52 http://www.bbc.co.uk/blogs/bbcinternet/2010/02/case_study_use_of_semantic_web.html ;

retr. 20/08/2015
53 http://www.opencalais.com/ ; retr. 20/08/2015
54 http://data.nytimes.com/ ; retr. 20/08/2015
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Figure 2.3: LOD Cloud Diagram (as of April 2014) by Schmachtenberg et al [3]

federation etc [59]. Hundreds of public endpoints have been published in the past few

years for knowledge-bases of various sizes and topics [58, 60]. Using these endpoints,

clients can receive direct answers to complex queries using a single request to the server.

Richard Cyganiak and Anja Jentzsch proposed an idea for presenting interconnected

and interlinked set of dataset as a cloud-like structure (Figure 2.3) shows connectivity

amongst them represented using distinct colour scheme based on di�erent domains of

data. Now this cloud-like arrangement/ classi�cation of di�erent datasets is also known as

Linked Open Data (LOD) Cloud. As of April 2014 published linked data is classi�ed into

eight distinct domains namely Government, Publications, Life Sciences, User-generated,

Cross-domain, Media, Geographic and Social web. Figure 2.3 shows datasets that have

been published in Linked Data format using linked data principles by contributors to the

Linking Open Data community project 55 and other individuals and organisations.

State of the LOD Cloud 2014

Based on theState of the LOD Cloud 201456 presented by Schmachtenberg et al [3],

Table 2.3 provides a comparative statistical overview of di�erent domains/ categories

covered by LOD Cloud in terms of:

1. Number of datasets per category.
55 https://www.w3.org/wiki/SweoIG/TaskForces/CommunityProjects/LinkingOpenData (retr.

12/02/2016)
56 http://linkeddatacatalog.dws.informatik.uni-mannheim.de/state/
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2. Overall percentage of particular category in comparison to overall LOD cloud.

3. Top most used predicates (properties) for interlinking by category.

4. Top vocabularies used except the ubiquitously used vocabularies (rdf, rdfs and owl)

for di�erent categorical domains.

5. Datasets (%) provide licensing information in RDF.

6. Datasets (%) providing provenance information by category.

7. Alternative access methods of all datasets per category.

8. SPARQL endpoints based access per category.

9. Data dump availability/ accessibility per category.

Abbreviations of di�erent terms used in Table 2.3 are listed in the table caption. Table

2.3 gives an overview of the topical domains of the 1014 datasets with substantial

contributions from social web category presenting 520 datasets that covers 51.28% of

whole LOD cloud. The second biggest contributor is the data from the government sector

with 183 datasets (18.05%) and the publications domain which contributes 96 datasets

(9.47%). The Life Sciences domain also contributes a signi�cant section of the LOD

cloud with 83 datasets (8.19%). In regard to provenance, 35.77% of all datasets use

some provenance vocabulary which includes vocabularies likeDublin Core, prv or prov.

Statistics show that, in total, 7.85% of all datasets provide licensing information of some

sort in RDF. The most important predicates for indicating the license are dc/dct:license

(7.98%), cc:license (2.02%) and dc/dct:rights (1.63%) [3]. In total, it is found that

alternative access methods comprises of 48 (5.89%) of all datasets. Moreover there can

be number of ways to access the available data. It can be through services, via APIs, as

SPARQL endpoints, directly through data dumps or using other alternative methods.

Around 4.54% of all datasets provides their SPARQL endpoints, while data Dumps are

provided by 3.8%. Around 5.89% of datasets provide any alternative method to access

data other than through SPARQL endpoints or data Dumps.
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2.6.1 Life Sciences Linked Open Data Cloud

Integration of biomedical datasets with minimal cost and e�ort relies on the large scale

adoption of a new set of technologies and best practice that make use of the architecture

of the Web to link biomedical concepts and identi�ers across datasets. These rely on two

key principles introduced by Linked Data:

1. that every entity or concept is identi�ed using a universal resource identi�er (URI)

that can be de-referenced on the Web

2. that links between the entities and concepts from di�erent datasets should be

established using the Resource Description Framework (RDF) [54].

This section reviews the linked biomedical datasets relevant in a Cancer Chemoprevention

scenario, three signi�cant providers are as follow:

ˆ Linked Open Drug Data (LODD).

ˆ Bio2RDF.

ˆ LinkedLifeData.

2.6.1.1 Linked Open Drug Data (LODD)

LODD 57 is a set of linked datasets relevant to Drug Discovery. It includes data from

several datasets including Drugbank, LinkedCT, DailyMed, Diseasome, SIDER, STITCH,

Medicare, RxNorm, ClinicalTrials.gov, NCBI Entrez Gene and OMIM. The LODD

datasets have been crawled by the Semantic Web Search Engine (SWSE)58 that can be

accessed via a faceted browsing interface.

2.6.1.2 Bio2RDF

Bio2RDF59 constitutes a project that contains multiple linked biological databases

including pathways databases such as KEGG, PDB and several NCBIs databases [61].

Bio2RDF is an open-source project that uses Semantic Web technologies to build and

provide the largest network of Linked Data for the Life Sciences. Bio2RDF de�nes a set

of simple conventions to create RDF(s) compatible Linked Data from a diverse set of

heterogeneously formatted sources obtained from multiple data providers.
57 http://www.w3.org/wiki/HCLSIG/LODD (retr: 30-04-2016)
58 http://swse.deri.org/(retr.27-04-2016)
59 http://bio2rdf.org
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As of July 2014, Bio2RDF Release 3 contains60:

1. 11 billion triples across 35 datasets.

(a) new datasets such as: OrphaNet, clinicaltrials.gov, PubMed, SIDER, dbSNP,

GenAge, WormBase, GenDR, and LSR.

(b) few local endpoints: chembl, linkedSPL, pathwaycommons, reactome, wikipath-

ways.

2. Detailed statistics regarding datasets.

3. Improved overall representation of datasets.

4. Every URI is an instance of an owl:Class, owl:ObjectProperty, or owl:DatatypeProperty,

as well as typed as an instance of a Resource in the dataset and linked to a descrip-

tion from the Life Science Registry (LSR).

5. Text indexed SPARQL 1.1 endpoints using Virtuoso 7.1.0.

6. Open source scripts and down-loadable/ reuse-able content.

2.6.1.3 LinkedLifeData

LinkedLifeData (LLD) 61 is a semantic data integration platform for the biomedical

domain containing 5 billion RDF statements from various sources including UniProt,

PubMed, EntrezGene and 20 more.

LDD allows writing complex data analytical queries, answering complex bioinformatics

questions, helps navigate through the information or export results subsets. LDD o�ers

two di�erent access levels:

1. LLD Public - completely free anonymous access for developing proof-of-concept

applications with no hosting and data setup costs.

2. LLD Enterprise - premium service access for matured applications which guarantee

extra features.

Statistical overview of Datasets

Table 2.4 provides implementation details and statistical overview of dataset listed

60 https://github.com/bio2rdf/bio2rdf-scripts/wiki (retr: 30-04-2016)
61 http://linkedlifedata.com (retr: 30-04-2016)
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in Section 2.6.1. This statistical overview gives an insight regarding the type or category

of dataset.

Important categories and data publishers include i) Linked Open Drug Data (LODD),

ii) Bio2RDF and iii) LinkedLifeData. Table 2.4 also provides information regarding

the year of release (as per reported at http://www.datahub.io, http://www.bio2rdf.org,

http://www.linkedlifedata.com), the visibility (public/ private) and the implementation

details (language and type of data) provided by di�erent datasets. Size and coverage

of these datasets in terms of total triples, number of entries/ entities, link of SPARQL

endpoint, sub-classi�cation and brief description is also presented in the table.

The statistical comparison of di�erent datasets is also presented in terms of combination

of information including total number of classes, total number of properties, total number

of Instances, total number of triples and total number of entities. Abbreviations of

di�erent terms used in Table 2.4 are listed in the table caption.
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2.7 Biomedical Services

Increase in the number of ontologies and databases creates new needs in the community of

ontology users to �nd, reconcile and relate the growing number of biomedical ontologies.

A number of tools and services for this purpose have already been developed which

facilitates the biomedical community locating ontologies, drugs, proteins and publications.

More speci�cally, this section reviews the following biomedical services [37]:

ˆ BioPortal 62

ˆ Open biomedical Ontology (OBO)63

ˆ Ontobee64

ˆ Ontology Lookup Service65

ˆ AmiGO 66

ˆ Entrez67

ˆ e-meducation68

2.7.1 BioPortal

BioPortal, created by the NCBO (National Centre for biomedical Ontology), provides a

virtual ontology library where users can submit their ontologies in a variety of ontology

formats. BioPortal organises ontologies according to a set of categories (such as anatomy,

genomics, development etc) enabling users to �nd groups of ontologies of interest as well

as to visualise them. BioPortal users will be able to rate ontologies, comment on how

appropriate ontologies are for speci�c tasks and how well they cover their target domain.

2.7.2 Open Biomedical Ontology (OBO)

The OBO project was proposed as an attempt to have a portal containing ontologies as

well as links to controlled vocabularies for shared use between medical and biological

domains. The ontologies found in the OBO library are partially overlapped since they

62 http://bioportal.bioontology.org/ retr. 20/02/2016
63 http://www.obofoundry.org/ retr. 22/02/2016
64 http://www.ontobee.org/
65 http://www.ebi.ac.uk/ontology-lookup/ retr. 22/02/2016
66 http://amigo.geneontology.org/cgi-bin/amigo/go.cgi retr. 22/02/2016
67 http://www.ncbi.nlm.nih.gov/sites/gquery retr. 18/02/2016
68 http://www.e-meducation.org retr. 18/02/2016
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can be combined between themselves adding relations and giving rise to new ontologies.

Researchers in the OBO project have also developed the OBO language for representing

biomedical ontologies.

2.7.3 Ontobee

Ontobee is a linked data server designed for ontologies that aim to facilitate ontology

data sharing, visualisation, query, integration and analysis. This service dynamically

de-references and presents individual ontology term URIs to:

ˆ HTML based web pages for user-friendly web browsing and navigation.

ˆ RDF source code for Semantic Web applications.

Ontobee is the default linked data server for most OBO Foundry library ontologies as

well as for many ontologies not registered at OBO.

2.7.4 Ontology Lookup Service

The Ontology Lookup Service from the European Bioinformatics Institute provides a

centralised query interface for ontologies in the OBO format.

2.7.5 AmiGO

AmiGO, built by Gene Ontology Consortium, allows the display and querying of the GO

and annotations stored in a specialist GO database.

2.7.6 Entrez

Entrez [62] is a search and retrieval tool developed by NCBI that is capable of searching

multiple NCBI databases with just one query. Entrez returns search results that can

include a combination of many types of data on the query, such as nucleotide sequences,

protein sequences, macromolecular structures and related articles in the literature.

2.7.7 e-meducation

The Alfa Institute of Biomedical Sciences (AIBS) has created a medical portal providing a

selection of open access Internet links in several medical �elds, including internal medicine,
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infectious diseases, dermatology, nosocomial infections, antimicrobial resistance, Hepatitis

B virus, general surgery and surgical infections.

A feature of the e-meducation is the custom-built medical search engine that permits the

tracking of medical information without having to �lter for hours. The custom search

engine generates results from professional oriented sites for Healthcare providers.

2.8 Concluding Remarks

This chapter presents the set of concepts and topics required to understand the rest of

the content provided in this thesis. The topics e.g. World Wide Web and Semantic Web,

their background and emergence over the period of time are brie
y introduced.

As mentioned in Chapter 1, the focus is to address the issues around\a posteriori

integration" in biomedical, Healthcare and Life Science domain. This chapter introduces

di�erent tiers of biomedical Data. It is worth noting that there exist multiple dimensions

of biomedical data but this thesis considers the use case ofCancer Chemopreventionand

Drug Discovery. Hence only those resources which are relevant to the aforementioned

areas are highlighted. This involves Ontologies, libraries and databases in Healthcare

and the biomedical domain, Linked Data and Life Science Linked Open Data as well as

biomedical Services.

Ontologies can be classi�ed into three main classes: i) Biomedical Ontologies (e.g. EFO,

OBI, GO etc), ii) Drugs and Chemical Compound Ontologies (e.g. RxNorm) and iii)

Generic and Upper Ontologies (e.g. BFO, RO, PROV). Similarly libraries and databases

are categorised in 10 categories that include i) biomedical literature, ii) Natural Sources

of Chemoprevention Agents, iii) Biological Activity of Compounds, iv) Toxicity and

E�cacy, v) Gene Expression, vi) Gene and DNA, vii) Chemical and Physical Structure,

viii) Disease Speci�c Compound, ix) Pathways and x) Protein. Three main sources of

Life Sciences Linked Open Data: i) Linked Open Drug Data (LODD), ii) Bio2RDF and

iii) LinkedLifeData are highlighted. Most relevant biomedical Services are introduced

including i) BioPortal, ii) Open biomedical Ontology (OBO), iii) Ontobee, iv) Ontology

Lookup Service, v) AmiGO, vi) Entrez and vii) e-meducation.

These resources have been partly accessed and used during di�erent stages of this thesis.

Some of the listed ontologies, databases, LSLOD resources and services were used for

creating the semantic model (Section 5.1).

The approach for creating Autonomous Resource Discovery and Indexing (Section 5)

is mainly based on access and cataloguing data from LS-LOD resources. Similarly, the
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proposed query federation toolBioFed (Chapter 6) and ReVeaLD (a Real-time Visual

Explorer and Aggregator of Linked Data (Section 5.5.2)), heavily relies on federating

SPARQL queries to all of the LS-LOD resources (LODD, Bio2RDF and LinkedLifeData).





Chapter 3

Mathematical Formalisation

\Extraordinary claims require extraordinary evidence."

{Carl Sagan

This chapter highlights the core building blocks necessary to understand Semantic Web

concepts such as as URIs, RDF(S) and OWL. Furthermore, SPARQL- a formal language

to query RDF datasets and the RDF triple stores, is also presented. Formal de�nitions

and notations, for the key concepts used throughout this thesis, are also presented in

this chapter. Mathematics is an integral part of most scienti�c designs. In fact the

roots and basis of important concepts used in this thesis such as URLs, URIs, graphs,

triple patterns, maps and trees can be traced in mathematics. One can combine design

paradigms or methods for problem solving with mathematical modelling techniques to

predict the success of designs, a method that is found to be accurate and repeatable.

In summary, this chapter presents mathematical formalization of di�erent concepts,

techniques as well as approaches used in this thesis. Some of the de�nitions used in this

chapter are based on the content presented by Arenas et al. [5], Olaf Hartig [ 63] and

Muhammad Saleem [64].

3.1 Semantic Web

The concept of\Semantic Web" has already been introduced in chapter 2. The de�nitions

and notions necessary to understand the rest of the thesis are presented in this section.

At present the Web contains a huge amount of information which in general could only

be accessed, assessed, interpreted and understood by humans. Whereas the\Semantic

Web" can be seen an extension of the current Web that provides an easier way to �nd,

47
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manipulate, publish, share, reuse and combine information. Semantic Web empowers

both humans as well as machines to not only present but also process information.

During 2001, Tim Berners-Lee [65] provided the conceptual baseline for Semantic Web

as follows:

\The Semantic Web is not a separate Web but an extension of the current

one, in which information is given well-de�ned meaning, better enabling

computers and people to work in cooperation".

Moreover according to the World Wide Web Consortium (W3C):

\The Semantic Web provides a common framework that allows data to be

shared and reused across application, enterprise and community boundaries.

It is a collaborative e�ort led by W3C with participation from a large number

of researchers and industrial partners".

The following sections explain some of the building blocks of theSemantic Webthat

are considered necessary to understand the rest of this research work e.g. RDF, RDF

components (subject, predicate, objects), URIs, SPARQL and RDF triplestore.

3.1.1 Resource Description Framework (RDF)

One of the signi�cant progress in realising human as well as machine-processable Web

(Semantic Web) was made in 1999. At that time the preliminary work on Resource

Description Framework (RDF) was submitted and accepted as W3C Recommendation [66].

RDF provides a standardised means for expressing information so it can be exchanged

between RDF-enabled machines or agents without any loss of both syntax or semantics.

[67].

RDF is a language to express information or assertions about resources. RDF language

is a collection of standards [68{ 73] accepted as W3C recommendations. The RDF is core

to this thesis. Most of the data that are accessed for demonstrating the approaches and

performing the experiments in this research is through public SPARQL endpoints and

available in RDF format.

The assertions are also know astriples in the RDF data model and consist of the following

three major components [64]:
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Subject Predicate Object

insight:ali-hasnain rdf:type foaf:Person
insight:ali-hasnain foaf:gender "male"@en
insight:ali-hasnain foaf:age "29"^^xsd:int
insight:ali-hasnain foaf:skypeID "s.m.ali.hasnain"
insight:ali-hasnain foaf:name "Ali Hasnain"@en
insight:ali-hasnain foaf:title "Mr"@en
insight:ali-hasnain foaf:topic_interest "Semantic Web and Linked Open Data"@en
insight:ali-hasnain foaf:workInfoHomepage "https://www.insight-centre.org/users/ali-hasnain"

Table 3.1: Sample RDF statements

Subject : Subject is the resource over which an assertion is made. Subject can only

be URIs and blank nodes. A blank node, also known asanonymous node, is only

unambiguous in a local context. It is typically used to group assertions and is

allowed to be used as subject of a triple.

Predicate : An attribute of a resource or a binary relation which links this resource to

another one. Only URIs are valid to be used as a predicate of a triple. Predicates

are alternatively known as properties.

Object : Typically, the attribute value or another resource. Valid objects values are

URIs and blank nodes, but can also be strings. These strings are also known as

literals and these can be typed or untyped.

Typed Literal gets assigned a datatype which de�nes how it is interpreted.

Untyped Literal does not have this datatype but may be annotated with an

optional language de�nition, which de�nes the literal's language.

Table 3.1 shows more RDF statements about the resource Ali Hasnain (the author of

this thesis). It can be seen in the table that the resource Ali Hasnain is the subject of

other statements, which give more details about that resource. It is also worth noticing

that the object of the third statement (a number) has a trailing datatype. Most of

the time URIs representations are large and using a pre�x provides a short way of

presenting them. For example, if one useshttps://www.insight-centre.org/users/

as a pre�x and give it a label e.g. insight , then resourcehttps://www.insight-centre.

org/users/ali-hasnain can be written as insight:ali-hasnain . Similarly if http:

//xmlns.com/foaf/0.1/ is used as a pre�x with label foaf , then the property http:

//xmlns.com/foaf/0.1/name can be written as foaf:name in short form. This format

is very useful in writing human-readable RDF statements. The author of this thesis

makes use of pre�xes throughout in this writing. Examples can be seen in Appendix 9

where simple and complex SPARQL queries are presented.
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Figure 3.1: An example URI and its component parts- an adaptation of example from
RFC 3986 (Berners-Lee et al. [4])

3.1.2 URIs: Uniform Resource Identi�er

As mentioned earlier Uniform Resource Identi�ers (URIs) provide the foundation of

Semantic Web technology. Using URIs one can unambiguously de�ne and reference

abstract as well as concrete concepts on a global level. RFC 39861 de�nes the generic

syntax for URIs. This generic syntax of URI consists of a hierarchical sequence of

components referred to as the scheme, authority, path, query and fragment [64]. These

can be seen in Figure 3.1, where a hypothetical URI to introduce resourceAli Hasnain

is presented.

According to RFC 3986 standard, the scheme and hierarchy parts are mandatory,

whereas thequery and fragment parts are optional. In the context of the Semantic

Web, URIs are used to de�ne concepts likeplacese.g. Islamabad, Galway, organisations

e.g. Insight Centre for Data Analytics, National University of Ireland (NUIG) , Pakistan

Institute of Engineering and Applied Science (PIEAS) or persons e.g. Ali Hasnain and

Tim Berners-Lee. Moreover URIs are also used to de�ne relationships between those

concepts globally and unambiguously, e.g.place-located-in-city, person-was-born-in-city,

organisation-established-at-date. URIs have been extensively used throughout this writing.

Examples can be seen in Appendix 9, where simple and complex SPARQL queries are

presented, also in Chapter 4 - 7.

3.1.3 SPARQL Query Language

SPARQL queries have been extensively used in this thesis. An example can be seen in

Appendix 9 where simple and complex SPARQL queries are presented; also Chapter 4 -

7 presents number of SPARQL queries for accessing data from RDF triple stores that

are also known as SPARQL endpoints.

1http://tools.ietf.org/html/rfc3986 retr. 12-06-2016
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The SPARQL Protocol and RDF Query Language (SPARQL) [74] is a protocol and

query language for accessing RDF data. SPARQL is also a W3C standard and any

SPARQL query is a combination of triple patterns, their conjunctions (logical "and" ),

disjunctions (logical "or" ) and/or a set of optional patterns [75]. A triple pattern is a

triple containing subject, predicate, and object parts. The subject can only be a URI,

variable or blank node (already de�ned in Section 3.1.1).

It is worth noting that in RDF, a blank node (also called bnode) is a node in graph

representing a resource for which a URI or literal is not given. The resource represented

by a blank node is also called an anonymous resource. There are a number of optional

patterns one can use in SPARQL query for specifying the conditions on data retrieval e.g.

FILTER, REGEXand LANG. SPARQL 1.0 syntax, is available at http://www.w3.org/TR/rdf-

sparql-query. One can also consider operators e.g.OPTIONAL, UNION, FILTER, GRAPH,

SELECTand concatenation via a point symbol (. ) to construct graph pattern expressions

(also called Basic Graph PatternsBGPs). Similarly, other operators e.g SERVICEand

BINDINGSare also introduced by SPARQL 1.1 available athttp://www.w3.org/TR/sparql11-

overview. Moreover the syntax of the language also considers{ } (curly brackets) to

group patterns and some implicit rules of precedence and association [5]. The results of

SPARQL queries can be: i) result sets or ii) RDF graphs. There are four di�erent types

of SPARQL queries, speci�cally SELECT, CONSTRUCT, ASKand DESCRIBE[76]. According

to [76], these query forms use the solutions from pattern matching to form result sets or

RDF graphs and brie
y described as:

ˆ SELECT : Returns all, or a subset of, the variables bound in a query pattern

match.

ˆ CONSTRUCT : Returns an RDF graph constructed by substituting variables in

a set of triple templates.

ˆ ASK : Returns a Boolean indicating whether a query pattern matches or not.

ˆ DESCRIBE : Returns an RDF graph that describes the resources found.

As mentioned earlier, di�erent examples of SPARQL queries can been seen in di�erent

parts of this thesis. But this section provides a small example where the user wants to

know "What is the age and Skype id of Ali Hasnain" from the RDF data as given in

Table 3.1.

Figure 1 shows a SPARQL query to get the required information. This query contains

two triple patterns (i.e. T.P.1, T.P.2).
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PREFIX insight: <https://www.insight-centre.org/users/>
PREFIX foaf: <http://xmlns.com/foaf/0.1/>
SELECT ?age ?skypeID
WHERE
{

insight:AliHasnain foaf:age ?age . //T.P.1
insight:AliHasnain foaf:skypeID ?skypeID . //T.P.2

}

Query 1: SPARQL query to get the the age and Skype id of Ali Hasnain.

Lines 1 and 2 de�ne pre�xes in order to write URIs in their short forms. Line 3 declares

the variables that should be rendered to the output of that query, which are two variables

?age and ?skypeID. SPARQL variables start either with a question mark " ?", or with a

dollar sign $'. Line 6 states that for the statement with subject insight:AliHasnain

and property foaf:age , the value of its object assigned to a variable called?age. Upon

execution, this variable will take the value of "29"^^xsd:int . The same process is

repeated for Line 7 and the results of the projection variables (skypeID) are retrieved.

3.1.4 RDF Triplestore

Triplestores are used to store RDF data. In other words, a triplestore is typically a

software program that is capable of storing and indexing RDF data e�ciently in order to

enable querying this data easily and e�ectively. A triplestore for an RDF data is similar

to a Relational Database Management System (DBMS) for relational databases.

Most triplestores support SPARQL query language for querying RDF data. Virtuoso2,

Sesame3, Fuseki 4 and 4Store5 are few of the well-known commercial examples of triple-

stores for desktop and server computers.

Table 3.2 provides a comparative overview of the aforementioned four triplestores (Vir-

tuoso, Sesame, 4store and Fuseki) in terms of programming languages (e.g. C, C++,

Python PHP, Java, Javascript ActionScript, Tcl Perl Ruby, Obj-C, C#) that can be

used with these tools and relevant Semantic Web technologies (RDF, RDFS, SPARQL,

OWL, GRDDL, RDFa, RDB2RDF, R2RML, Direct Mapping). The table also re
ects

the information regarding developers/ providers (companies), categories and the corre-

sponding web pages of any triple store. It is worth noticing that Virtuoso appears to be

2http://virtuoso.openlinksw.com/ retr. 12-05-2016
3http://rdf4j.org/sesame/2.8/docs/using+sesame.docbook?view retr. 12-05-2016
4http://jena.apache.org/documentation/serving_data/ retr. 12-05-2016
5https://www.w3.org/2001/sw/wiki/4store retr. 12-05-2016
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the best available triple store that supports most of the Semantic Web Technologiesand

programming languages.

There are some special versions of triplestores that are produced to be used on low-power

devices with less powerful CPU and smaller memory size. Androjena6, RDF On The

Go7, � Jena8 and OpenSesame9 are examples of such triplestores.

6http://code.google.com/p/androjena/ retr. 12-05-2016
7http://code.google.com/p/rdfonthego/ retr. 12-05-2016
8http://poseidon.ws.dei.polimi.it/ca/?page_id=59 retr. 12-05-2016
9http://bluebill.tidalwave.it/mobile/ retr. 12-05-2016
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Following sections provides the list of basic notation and mathematical formalisation as

used throughout this thesis.

3.2 Dataset, Classes and Properties

De�nition 3.1 (Dataset(s) ).

Let G be a graph composed of a set of nodesN and edgesE.

G = ( N; E )

A conceptual graph represents concepts/classes as nodes (NC ) and properties as relations

or edges in the graph though properties can also be represented as di�erent node sets

(NP ). Thus a graph denoting concepts/classes and properties, where edges links the

concepts/classes to the properties, can be mathematically modelled as:

G = ( NC ; NP ; E )

where

E = NC � NP

A dataset is composed of concepts/classes and properties. HenceK projects the dataset

(D) to the graph representation as follows:

K : D ! G

De�nition 3.2 (Concepts/Classes ).

Concepts/classes in any dataset are mathematically modelled as:

[

Ci 2 D j

K (C) =
[

ij

NCij

De�nition 3.3 (Properties/ Predicates ).

Properties from di�erent datasets are mathematically modelled as:

[

Pi 2 D j

K (P) =
[

ij

NPij

De�nition 3.4 (Concept/Class Instance ).

Graph data from a triple store is composed of instances (I C ) of classes/concepts (C).

However any instance (i C ) of a class/concept can be projected onto the class/concept or
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Figure 3.2: RDF Triples and Graphs: U - set of URIs, B - set of blank nodes, L - set
of literals. [5]

onto the node of the class/concept as follows:

i C 2 I C

nC 2 NC

K : I C ! NC

De�nition 3.5 (Concept/Class { Property Relationship ).

The set of properties of a class/concept (NPC � NP ) is de�ned by the set of edges that

link a property to the class/concept based on the underlying dataset and the projection

(K ) is mathematically modelled as:

PC =
[

i

pi

where

e = ( nc; pi )

3.3 SPARQL Syntax, Semantic and Notation

This section de�nes the syntax and semantics of SPARQL. It is worth noting that in

this section only those formalisations and notation are discussed, which are necessary to

understand the thesis related key concepts which are used throughout the remainder of

this thesis. Furthermore this thesis uses some of the de�nitions as presented by Arenas

et al. [5], Olaf Hartig [63] and Muhammad Saleem [64].

De�nition 3.6 (RDF Term, RDF Triple and Data Source ).

Assume there are pairwise disjoint in�nite sets U, B , and L (URIs, Blank nodes and

Literals respectively) as shown in Figure 3.2.
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Then the RDF term RT is de�ned as:

ˆ RT = U [ B [ L .

The RDF triple (s; p; o) is de�ned as:

ˆ (s; p; o) 2 (U [ B ) � U � (U [ B [ L ) where s is known as subject , p the

predicate and o the object .

An RDF Data Set or Data source d is a set of RDF triples and de�ned as

ˆ d = f (s1; p1; o1); : : : ; (sn ; pn ; on )g.

De�nition 3.6 is used in Chapter 4 - 7.

De�nition 3.7 (Query Triple Pattern and Basic Graph Pattern ).

By using De�nition 3.6 one can assume an in�nite set V of variables. A triple pattern is

a tuple t can be de�ned as follow:

ˆ t 2 (U [ V [ B ) � (U [ V ) � (U [ L [ V [ B ) .

Also see Figure 3.2.

A Basic Graph Pattern is a �nite set of triple patterns.

De�nition 3.7 is used in Chapter 6 for explaining the triple patterns and basic graph

patterns in the context of SPARQL query as well as in the query engine.

De�nition 3.8 (Basic Graph Pattern syntax ).

The syntax of a SPARQL Basic Graph Pattern BGP expression is de�ned recursively

as follows [64]:

1. A tuple from ( U [ V [ B ) � (U [ V ) � (U [ L [ V [ B ) is a graph pattern (a triple

pattern).

2. The expressions (P1 AND P2), (P1 OPTIONAL P2) and (P1 UNION P2) are graph

patterns if P1 and P2 are graph patterns.

3. The expression (P FILTER R) is a graph pattern if P is a graph pattern and R is

a SPARQL constraint or �lter expression.
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De�nition 3.9 (Solution Mapping ).

As an important component for de�ning the semantics of SPARQL the notion of Solution

Mapping14 � is used.

A Solution Mapping � from V to RT is a partial function � : V ! RT where RT =

(U [ B [ L ) and de�ned for a �nite subset of V (the set of all variables). RT is the RDF

term also de�ned in De�nition 3.6.

For a triple pattern t, denoted by � (t) the pattern obtained by replacing the variables in

t according to � . The domain of � , denoted by dom(� ), is the subset ofV where � is

de�ned. Sometimes concrete mappings can be presented in square brackets, for instance

[64]:

ˆ � = [?X ! a; ?Y ! b] is the mapping with dom(� ) where,

ˆ dom(� ) = f ?X; ?Yg such that,

ˆ � (?X ) = a and � (?Y ) = b.

De�nition 3.10 (Triple Pattern Matching ).

Let d be a data source with set of RDF termsRT , and t a triple pattern of a SPARQL

query. The evaluation of t over d, denoted by [[t]]d is de�ned as the set of mappings [64]:

ˆ [[t]]d = f � : V ! RT j dom(� ) = var(P) and � (P) � dg.

If � 2 [[t]]d, it can be said that � is a solution for t in d. If a data source d has at least

one solution for a triple pattern t, then one can sayd matchest.

De�nition 3.11 (Relevant Source and Set ).

A data source d 2 D is relevant (also calledcapable) for a triple pattern t i 2 T if at

least one triple contained in d matchest i .

The relevant source setRi � D for t i is the set that contains all sources that are relevant

for that particular triple pattern.

De�nition 3.12 (Triple Pattern-wise Source Selection ).

The goal of the Triple Pattern-wise Source Selection (TPWSS) is to identify the set of

relevant sources against the individual triple patterns of a query [64].

De�nition 3.13 (Total Triple Pattern-wise Sources Selected ). Let q = f t1; : : : ; tm g

be a SPARQL query containing triple patterns t1; : : : ; tm and R = f Rt1 ; : : : ; Rtm g be

the corresponding relevance set containing relevant data sources setsRt1 ; : : : ; Rtm for

triple patterns t1; : : : ; tm , respectively.
14 \ Term Solution mapping" was used in the W3C speci�cation of SPARQL [59]
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PREFIX drugbank-drug:
<http://www4.wiwiss.fu-berlin.de/drugbank/resource/drugs/>
PREFIX owl: <http://www.w3.org/2002/07/owl #>

SELECT ?predicate ?object

WHERE
{

{
drugbank-drug:DB00201 ?predicate ?object . //DrugBank

}

UNION

{
drugbank-drug:DB00201 owl:sameAs ?caff . //DrugBank
?caff ?predicate ?object . //DrugBank, DBpedia, ChEBI, SWDF
}

}

Query 2: FedBench query (Life Science query2): Find all properties of Ca�eine in
Drugbank dataset. Find all the entities from all available datasets describing Ca�eine,

return the union of all properties of any of these entities.

TTPWSS is de�ned as:

ˆ TTPWSS = 8R t i 2R
P

Rt i .

Aforementioned is the total triple pattern-wise sources selected for query q, i.e., the sum

of the magnitudes of relevant data sources sets over all individual triple patterns q.

As an example, let us consider a Life Science query from FedBench (Listing 2) in order

to understand total triple pattern-wise sources selection. Fedbench [77] is a benchmark

suite for federated semantic data query processing comprised of set of queries spanning

di�erent datasets from multiple domains; Cross Domain (DrugBank, DBpedia subset,

NY Times, LinkedMDB, Jamendo, Geonames SWDF),Life Sciences Domain (DBpedia

subset, KEGG, Drugbank, ChEBI), SP2Benchand DBPedia 3.5.1 Subset15.

The total triple pattern-wise sources selected for the query given in Listing 2 are six, i.e.

a single source for the �rst two triple patterns and four sources for the last triple pattern,

summing up to a total of six sources.

De�nition 3.14 (Number of Sources Span ).

The number of sources that potentially contribute to the query result set (sources span

15 http://fedbench.fluidops.net/resource/Datasets retr. 21-05-2016
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for short) are essentially those that arerelevant to at least one triple pattern in the

query. However, since triple patterns with common and mostly used query predicates

such asrdf:type and owl:sameAs are predominantly found in all data sources (i.e., all

sources arerelevant), only source is counted if it is alsorelevant to at least one more

triple pattern in the same query. This results in high precision whereas lower recall.

De�nitions 3.14, 3.13, 3.11, 3.10 and 3.9 are used in Chapter 6 for explaining the: i)

number of source span, ii) total triple pattern-wise source selection, iii) relevant source

set, iv) triple pattern matching, v) solution mapping and vi) basic graph patterns in the

context of SPARQL query as well as, query engine.

In summary, this chapter introduces core concepts, de�nitions, notions and mathematical

formalisations that allow the reader to understand and use SPARQL expressions for

querying over the Web of Linked Data. The scope of evaluating a SPARQL expression

under the provided semantics is the subset of SPARQL semantics, necessary to understand

rest of the chapters.





Chapter 4

Public SPARQL Endpoints

Analysis

\Nothing in life is to be feared, it is only to be understood. Now is the time

to understand more, so that we may fear less."

{Marie Curie

This chapter provides some initial contributions necessary for the core work presented in

subsequent chapters. Content of this chapter is based on publication at IJSWIS [29] and

at ISWC [78].

To support \a posteriori" integration , the author proposes the idea of generatingARDI

of Life Science Linked Open Data Cloud. Before generating theARDI , it is important to

analyse the datasources, the public SPARQL endpoints in this case, with two considera-

tions i. What is the content of a public SPARQL endpoint? and ii. How self descriptive

are these endpoints?Analysing the content, for example in terms of a) number classes,

b) number of properties, c) list of classes etc, are necessary to investigate the size as well

as in �nding similar data available at multiple datasources. Finding how self descriptive

any endpoint is important in order to know the structure of data stored at any endpoint

in terms of class partitions, property partitions and nested partitions. By self descriptive,

it means the potential of any endpoint to express itself based on the data stored. In

other words the user can �nd the information regarding the endpoint and the data stored

by simply querying the data itself. This includes the type of data (e.g. list of classes and

properties); the amount of data (e.g statistical snapshot regarding the entities, triples,

classes and properties); the structure of data (class partitions, property partitions and

nested class/property partitions) and further classi�cation of data (e.g. literals, blank

61
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nodes and IRIs). Such analysis provides baseline information regarding public SPARQL

endpoints due to the approach used to catalogue and link the content of these endpoints

to support \a posteriori" integration . Hundreds of public endpoints have been published

in the past few years for knowledge-bases of various sizes and topics [58, 60]. Using these

endpoints, clients can receive direct answers to complex queries using a single request to

the server.

However, it is still unclear how clients should �nd endpoints relevant to their needs in the

�rst place [ 60, 79]. For example, take an agent (be they human or software) who is looking

for an endpoint indexing data about instances of a particular class, say,drugbank:drugs .1

To the best of author's knowledge, there is no service available at the moment where

that agent can issue a request with that class and get back a list of public endpoints

with metadata about instances of that class. Likewise agents may have more complex

needs. For example, they may not be interested in endpoints that have fewer than 100

instances of drugbank:drugs described, or they may only be interested in endpoints

with instances of drugbank:drugs where values fordrugbank:chemicalStructure are

provided. Looking at the relevant literature, federated SPARQL proposals come closest

to potentially answering the aforementioned needs, where two main approaches are used

to determine which SPARQL services can potentially contribute relevant data to help

answer any SPARQL query:

Runtime queries: The �rst option is to take an agent's request and query the endpoints

directly at runtime to determine if they have relevant metadata or not [ 80]. For

example, if the agent was interested in instances ofdrugbank:drugs , one could

issue to a list of endpoints the following query:
� �
ASK WHERE f ?s a drugbank:drugsg

� �

Any endpoint returning true for this query would contain information relevant to

the original agent. Likewise more complex queries could be used depending on the

user's need. For example, if a user were interested in endpoints with more than

100 such instances, the service could issue:
� �
SELECT (COUNT(DISTINCT ?s) AS ?c) WHEREf ?s a drugbank:drugsg

� �

Any endpoint returning a result greater than 100 would be relevant.

Content descriptions: The second option is to rely on a static description of the

content of each endpoint [80{ 83]. These works either assume that a description

is available in a popular format, such as the Vocabulary of Interlinked Datasets

1 Pre�xes can be looked up at http://prefix.cc/ ; l.a. 2015/02/03.
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(VoID [ 84]), or as a custom format [81{ 83]. For example the VoID vocabulary

allows for de�ning class partitions, that not only state which classes are in a dataset,

but how many instances it has, which properties appear, and so forth [84]. These

descriptions can then be used directly to �nd endpoints with relevant content.

Both merits and de-merits are associated with the aforementioned approaches as these

approaches have been investigated in the context of federated scenarios involving a small

number of local endpoints, and would not be suitable when dealing with hundreds of

third-party public endpoints. With respect to the �rst approach, each user request would

require a query to be sent to several hundred public endpoints, which would incur very

slow response times and could 
ood public services with too many requests. With respect

to the second approach, Buil et al. [60] previously observed that only one third of public

SPARQL endpoints give static descriptions of their content in a standard location using

suitable vocabularies such as VoID. Even where they are provided, it is unclear what

level of detail these descriptions contain or indeed how accurate or up-to-date these

descriptions are. Over the past several years at least 159 distinct websites have begun

hosting SPARQL endpoints [60].

In order to gather high-level statistics and schema information about the content of each

public SPARQL endpoint, an approach of directly issuing them a �xed set of high-level

queries is followed. SPARQL is a powerful query language that can be used to learn

about the underlying knowledge-base of the endpoint. Being a declarative query language

for RDF in which graph pattern matching, disjunctive unions, optional clauses, dataset

construction, solution modi�ers etc. are supported, SPARQL can be used to query RDF

knowledge-bases [59].

Using the features of SPARQL 1.1 like aggregates, property paths, sub-queries, federation

etc, it is possible to formulate queries that ask for example, how many triples the

knowledge-base contains, which classes or properties are used how many unique instances

of each class appears and which properties are used most frequently with instances of

which classes etc. Thus, in theory at least, SPARQL 1.1 is su�ciently expressive to

be able to request all aspects of a VoID description that are directly computable from

the dataset itself.2 In this manner, author proposes that SPARQL endpoints can be

consideredself-descriptiveas an agent can extract about the data content of the endpoint

by directly issuing high-level aggregate SPARQL queries to it.

2Certain aspects of VoID may not be computable directly from a dataset, such as the author(s) of a
dataset, how it is licensed, OpenSearch descriptions, etc. Likewise subjective criteria is not included in
the computable fragment { such as the categories of the dataset { even if candidates could be computed
automatically [85].
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Author reviews how the content of endpoints can be described in a general-purpose

automated manner. In order to extract a description of the content of each endpoint, it

is proposed to use a set of 29 self-descriptive SPARQL (1.1) queries that capture a large

\computable" subset of a VoID description [84] as well as some additional features.

To investigate how e�ectively public SPARQL endpoints process these queries, a list of

526 public endpoints was taken and the ratio that can answer each of the self-descriptive

queries and characterise the typical performance one can expect in a realistic uncontrolled

environment was investigated. Although in the subsequent chapters, this thesis only

focuses on the SPARQL endpoints in the Life Sciences and biomedical domain, this

chapter provides an analysis of all the public endpoints listed at Datahub from any

domain as well as the Life Sciences endpoint provided by Bio2RDF. A list of 540

SPARQL endpoints registered in the DataHub in April 20153 was collected. Likewise

a list of 137 endpoints from Bio2RDF releases 1{3 was collected. In total, 618 unique

endpoints (59 endpoints were present in both lists) were considered. The results are

based on experiments that were performed in April 2015. Experimental results show that

the success rates in terms of responses varies from 25{94% of operational endpoints4,

depending on the complexity of the query used. All the operational endpoints were

considered for further experiments. One of the main goals was to enable peer discovery

of SPARQL endpoints without changing the current infrastructure; author feels that it is

important to explore options over the current infrastructure �rst before proposing that

hundreds of stakeholders change how they host their data.

4.1 Self-Descriptive Queries

With respect to describing the content of an endpoint, this section lists, the set of

SPARQL 1.1 queries used to compute a VoID-like description from the content indexed

by an endpoint.

4.1.1 Functionality

It was necessary to �lter unavailable endpoints and to determine those that (partially)

support SPARQL 1.1. An endpoint was considered available if it was accessible through

the HTTP SPARQL protocol, if it responded to a SPARQL-compliant query, and if

it returned a response in an appropriate SPARQL format. For this, query QA1 was

3http://datahub.io
4One can say that an endpoint is operational if it can be accessed over HTTP through the SPARQL

protocol and will return a valid non-empty response to the following query: SELECT * WHERE ?s ?p ?o
LIMIT 1
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used, which should be trivial for an endpoint to compute, returning a single binding for

any triple (Table 4.1). An endpoint was considered SPARQL 1.1 aware if it likewise

responded to a query valid only in SPARQL 1.1. For this query QA2 was used, which

tests two features unique to SPARQL 1.1; namely sub-queries and the count aggregate

function (Table 4.1).5

Table 4.1: Queries for basic functionality

› Query

QA1 SELECT * WHERE { ?s ?p ?o } LIMIT 1

QA2 SELECT (COUNT(*) as ?c) WHERE { SELECT * WHERE { ?s ?p ?o } LIMIT 1 }

4.1.2 Dataset-level statistics

Secondly a set of queries to capture high-level\dataset-level" statistics were listed that

form a core part of VoID. Five queries were issued, as listed in Table 4.2, to ascertain

the number of triples (QB1), and the number of distinct classes (QB2), properties (QB3),

subjects (QB4) and objects (QB5). These queries require support for SPARQL 1.1COUNT

and sub-query features (as tested in QA2). The <D>term refers to an IRI constructed

from the SPARQL endpoints URL in order to indicate the dataset it indexes.

Table 4.2: Queries for dataset-level VoID statistics

› Query

QB1 CONSTRUCT { <D> v:triples ?x }
WHERE { SELECT (COUNT(*) AS ?x) WHERE { ?s ?p ?o } }

QB2 CONSTRUCT { <D> v:classes ?x }
WHERE { SELECT (COUNT(DISTINCT ?o) AS ?x) WHERE { ?s a ?o } }

QB3 CONSTRUCT { <D> v:properties ?x }
WHERE { SELECT (COUNT(DISTINCT ?p) AS ?x) WHERE { ?s ?p ?o } }

QB4 CONSTRUCT { <D> v:distinctSubjects ?x }
WHERE { SELECT (COUNT(DISTINCT ?s) AS ?x) WHERE { ?s ?p ?o } }

QB5 CONSTRUCT { <D> v:distinctObjects ?x }
WHERE { SELECT (COUNT(DISTINCT ?o) AS ?x) WHERE { ?s ?p ?o } }

Once these statistics are catalogued for public SPARQL endpoints, agents can use them

to �nd endpoints indexing datasets that fall within a given range of triples in terms of

overall size, or for example to �nd the endpoints with the largest datasets. Counts may

be particularly useful { in combination with later categories { to order the endpoints.

For example, so that one can �nd the endpoints with a given class (using data from the

next category) and order them by the total number of triples they index.

5This does not imply that the endpoint is fully compliant with SPARQL 1.1; only that it supports a
subset of features.
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4.1.3 Class-based statistics

Thirdly the author ascertains similar statistics about the instances of each class following

the notion of class partitions in VoID: a subset of the data considering only triples where

instances of that class are in the subject position. Table 4.3 lists the six queries used.

The �rst query (Q C1) merely lists all class partitions. The other �ve queries (QC2{6 )

count the triples and distinct classes, predicates, subjects and objects for each class

partition; for example QC2 retrieves the number of triples where instances of that class

are in the subject position. Queries QC2{6 introduces COUNT, sub-queries and alsoGROUP

BYfeatures from SPARQL 1.1.

Table 4.3: Queries for statistics about classes

› Query

QC1 CONSTRUCT { <D> v:classPartition [ v:class ?c ] } WHERE { ?s a ?c }

QC2 CONSTRUCT { <D> v:classPartition [ v:class ?c ; v:triples ?x ] }
WHERE { SELECT (COUNT(?p) AS ?x) ?c
WHERE { ?s a ?c ; ?p ?o } GROUP BY ?c }

QC3 CONSTRUCT { <D> v:classPartition [ v:class ?c ; v:classes ?x ] }
WHERE { SELECT (COUNT(DISTINCT ?d) AS ?x) ?c
WHERE { ?s a ?c , ?d } GROUP BY ?c }

QC4 CONSTRUCT { <D> v:classPartition [ v:class ?c ; v:properties ?x ] }
WHERE { SELECT (COUNT(DISTINCT ?p) AS ?x) ?c
WHERE { ?s a ?c ; ?p ?o } GROUP BY ?c }

QC5 CONSTRUCT { <D> v:classPartition [ v:class ?c ; v:distinctSubjects ?x ] }
WHERE { SELECT (COUNT(DISTINCT ?s) AS ?x) ?c
WHERE { ?s a ?c } GROUP BY ?c }

QC6 CONSTRUCT { <D> v:classPartition [ v:class ?c ; v:distinctObjects ?x ] }
WHERE { SELECT (COUNT(DISTINCT ?o) AS ?x) ?c
WHERE { ?s a ?c ; ?p ?o } GROUP BY ?c }

Once catalogued, agents can use statistics describing class partitions of the datasets

in order to �nd endpoints mentioning a given class where they can additionally (for

example) sort results in descending order according to the number of unique instances of

that class, or triples used to de�ne such instances, etc. Hence the counts computed by

QC2{6 help agents to distinguish endpoints that may only have one or two instances of a

class to those with thousands or millions. Likewise, criteria can be combined arbitrarily

for multiple classes or with the overall statistics previously computed.

4.1.4 Property-based statistics

Fourthly property partitions in the dataset were considered, where a property partition

refers to the set of triples with that property term in the predicate position. Queries are
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listed in Table 4.4. As before QD1 lists the property partitions. Q D2{4 counts the number

of triples, distinct subjects and distinct objects. Classes were not counted (which would

be 0 for all properties exceptrdf:type ) or properties (which would always be 1).

Table 4.4: Queries for statistics about properties

› Query

QD1 CONSTRUCT { <D> v:propertyPartition [ v:property ?p ] } WHERE { ?s ?p ?o }

QD2 CONSTRUCT { <D> v:propertyPartition [ v:property ?p ; v:triples ?x ] }
WHERE { SELECT (COUNT(?o) AS ?x) ?p
WHERE { ?s ?p ?o } GROUP BY ?p }

QD3 CONSTRUCT { <D> v:propertyPartition [ v:property ?p ; v:distinctSubjects ?x ] }
WHERE { SELECT (COUNT(DISTINCT ?s) AS ?x) ?p
WHERE { ?s ?p ?o } GROUP BY ?p }

QD4 CONSTRUCT { <D> v:propertyPartition [ v:property ?p ; v:distinctObjects ?x ] }
WHERE { SELECT (COUNT(DISTINCT ?o) AS ?x) ?p
WHERE { ?s ?p ?o } GROUP BY ?p }

Using these statistics about property partitions in the catalogue, agents can for example

retrieve a list of public endpoints using a given property ordered by the number of triples

using that speci�c property. Likewise criteria can be combined arbitrarily for multiple

properties, or with the dataset or class-level metadata previously collected. For example,

an agent may wish to order endpoints by theratio of triples using a given property

(where the count from QD2 for the property in question can be divided by the total

triple count from Q B1), or to �nd endpoints where all subjects have anrdfs:label value

(where the count computed from QD3 for that property should match the count for Q B4).

4.1.5 Nested class{property statistics

Fifthly, how classes and properties are used together in a dataset were considered, as

well as gathering statistics on property partitions nested within class partitions. These

statistics detail how properties are used for instances of speci�c classes. Table 4.5 lists

the four queries used. QE1 lists the property partitions nested inside the class partitions,

and QE2{4 count the number of triples using a given predicate for instances of that class,

as well as the number of distinct subjects and objects that those triples have. In terms

of technical features, these queries involveGROUP BYover multiple terms. In general, the

queries listed in this section are quite complex where it is expected that many endpoints

would struggle to return metadata about their content at this detailed level of granularity.

An agent could use the resulting meta-data to �nd endpoints describing instances of

speci�c classes with speci�c properties, with �ltering or sorting criteria based on for

example the number of triples. For instance an agent might be speci�cally interested in
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Table 4.5: Queries for nested property/class statistics

› Query

QE1 CONSTRUCT { <D> v:classPartition [ v:class ?c ;
v:propertyPartition [ v:property ?p ] ] } WHERE { ?s a ?c ; ?p ?o }

QE2 CONSTRUCT { <D> v:classPartition [ v:class ?c
v:propertyPartition [ v:property ?p ; v:triples ?x ] ] }
WHERE { SELECT (COUNT(?o) AS ?x) ?p
WHERE { ?s a ?c ; ?p ?o } GROUP BY ?c ?p }

QE3 CONSTRUCT { <D> v:classPartition [ v:class ?c ;
v:propertyPartition [ v:distinctSubjects ?x ] ] }
WHERE { SELECT (COUNT(DISTINCT ?s) AS ?x) ?c ?p
WHERE { ?s a ?c ; ?p ?o } GROUP BY ?c ?p }

QE4 CONSTRUCT { <D> v:classPartition [ v:class ?c ;
v:propertyPartition [ v:distinctObjects ?x ; v:property ?p ] ] }
WHERE { SELECT (COUNT(DISTINCT ?o) AS ?x) ?c ?p
WHERE { ?s a ?c ; ?p ?o } GROUP BY ?c ?p }

images of people, where they would be looking for the class-partitionfoaf:Person with

the nested property-partition foaf:depicts . Using the previous statistics, it would be

possible to �nd endpoints that have data for the classfoaf:Person and triples with the

property foaf:depicts , but not that the images were de�ned for people. The counts

from QE2{E4 again allow an agent to �lter or order endpoints by the amount of relevant

data.

4.1.6 Miscellaneous statistics

In the �nal set of experiments, the queries that yield statistics not supported by VoID are

considered as listed in Table 4.6. In particular, the experiment was designed to ascertain

if endpoints can return a subset of statistics from the VoID Extension Vocabulary6 which

includes counts of di�erent types of unique RDF terms in di�erent positions: subjects

IRIs (Q F1), subject blank nodes (QF2), objects IRIs (QF3), literals (Q F4), object blank

nodes (QF5), all blank nodes (QF6), all IRIs (Q F7), and all terms (QF8). Inspired by

the notion of \schema maps" as proposed by Kinsella et al. [86], author also counts

the classes that the subjects and objects of speci�c properties are instances of (QF9{10 ).

These are \inverses" of queries (QE3{4 ).7

The resulting data could serve a number of purposes for agents looking for public

endpoints. For example, the agent in question could look for datasets without any blank

nodes, or for datasets where a given number of the objects of a given property are of

a certain type. Likewise the user can combine these criteria with earlier criteria; for

6http://ldf.fi/void-ext# ; denoted herein ase: .
7Author created a novel namespaces: (which is published and will be linked later after double-blind

review).
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Table 4.6: Queries for miscellaneous statistics

› Query

QF1 CONSTRUCT { <D> e:distinctIRIReferenceSubjects ?x }
WHERE { SELECT (COUNT(DISTINCT ?s ) AS ?x)
WHERE { ?s ?p ?o FILTER(isIri(?s))} }

QF2 CONSTRUCT { <D> e:distinctBlankNodeSubjects ?x }
WHERE { SELECT (COUNT(DISTINCT ?s) AS ?x)
WHERE { ?s ?p ?o FILTER(isBlank(?s))} }

QF3 CONSTRUCT { <D> e:distinctIRIReferenceObjects ?x }
WHERE { SELECT (COUNT(DISTINCT ?o ) AS ?x)
WHERE { ?s ?p ?o FILTER(isIri(?o))} }

QF4 CONSTRUCT { <D> e:distinctLiterals ?x }
WHERE { SELECT (COUNT(DISTINCT ?o ) AS ?x)
WHERE { ?s ?p ?o FILTER(isLiteral(?o))} }

QF5 CONSTRUCT { <D> e:distinctBlankNodeObjects ?x }
WHERE { SELECT (COUNT(DISTINCT ?o ) AS ?x)
WHERE { ?s ?p ?o FILTER(isBlank(?o))} }

QF6 CONSTRUCT { <D> e:distinctBlankNodes ?x }
WHERE { SELECT (COUNT(DISTINCT ?b ) AS ?x)
WHERE { { ?s ?p ?b } UNION { ?b ?p ?o } FILTER(isBlank(?b)) } }

QF7 CONSTRUCT { <D> e:distinctIRIReferences ?x }
WHERE { SELECT (COUNT(DISTINCT ?u ) AS ?x)
WHERE { { ?u ?p ?o } UNION { ?s ?u ?o }
UNION { ?s ?p ?u } FILTER(isIri(?u) } }

QF8 CONSTRUCT { <D> e:distinctRDFNodes ?x }
WHERE { SELECT (COUNT(DISTINCT ?n ) AS ?x)
WHERE { { ?n ?p ?o } UNION { ?s ?n ?o } UNION { ?s ?p ?n } } }

QF9 CONSTRUCT { <D> v:propertyPartition [ v:property ?p ;
s:subjectTypes [ s:subjectClass ?sType ; s:distinctMembers ?x ] ] }
WHERE { SELECT (COUNT(?s) AS ?x) ?p ?sType
WHERE { ?s ?p ?o ; a ?sType . } GROUP BY ?p ?sType }

QF10 CONSTRUCT { <D> v:propertyPartition [ v:property ?p ;
s:objectTypes [ s:objectClass ?oType ; s:distinctMembers ?x ] ] }
WHERE { SELECT (COUNT(?o) AS ?x) ?p ?oType
WHERE { ?s ?p ?o . ?o a ?oType . } GROUP BY ?p ?oType }

example, to �nd endpoints with more than ten million triples where at least 30% of the

unique object terms are literals.

4.2 Experiments

This section investigates how public SPARQL endpoints themselves perform for the list

of self-descriptive queries that were previously enumerated. As mentioned earlier, a list

of 540 SPARQL endpoints registered in the DataHub were collected in April 2015.8

8http://datahub.io
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Table 4.7: HTTP response

Response ›

200 (successful) 307
200 (unsuccessful) 43
400 56
404 66
500 4
502 0
503 32
unknown host 51
time out 23
connection refused 18
not responding 7

Table 4.8: Server Names

Server-�eld ›

Apache 203
Virtuoso 174
nginx 38
Jetty 25
Fuseki 15
GlassFish 3
4s-httpd 2
Restlet-Framework/2.0m6 1
lighttpd 1
empty 130

Likewise a list of 137 endpoints from Bio2RDF releases 1{3 was collected. In total 618

unique endpoints (59 endpoints were present in both lists) were considered. The results

are based on experiments that were performed in April 2015.

4.2.1 Implementations used

It is interesting to determine if one could de�ne which implementations were used by

the in-scope endpoints. As per the observations of Buil et al. [60], although there is

no generic or exact method of determining the engine powering a SPARQL endpoint,

the HTTP header may contain some clues in theServer �eld. Hence the �rst step was

to perform a lookup on the endpoint URLs. Table 4.7, presents the response codes of

this step, where it can be noticed that quite a large number of endpoints return error

codes4xx, 5xx, or some other exception. This indicates that a non-trivial fraction of the

endpoints from the list are o�ine.

With respect to the server names returned by those URLs that returned a HTTP response,

Table 4.8 enumerates the main pre�xes that were discovered. Although some of the server

names denote generic HTTP servers { more speci�callyApache, nginx , Jetty , GlassFish ,

Restlet and lighttpd { some names that indicate SPARQL implementations are also

recorded{ namely Virtuoso , Fuseki and 4s-httpd (4store). It is evident that some

Sesame endpoints may be within theApachecategory since the default Sesame header is

Apache-Coyote/1.1 .

4.2.2 Availability and version

Based on the previous experiment, it is suspected some of the endpoints in the list may

have been be o�ine. Hence it is important to looked at how many endpoints responded

to the basic availability query QA1.
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Given that queries were run in an uncontrolled environment, multiple runs were performed

to help mitigate temporary errors and remote server loads. The core idea is that if an

endpoint fails at a given moment of time, a catalogue could simply reuse the most recent

successful result. Along these lines, three weekly experiments were run in the month of

April 2015. In total 306 endpoints (49.5%) responded to QA1 at least once in the three

weeks. These endpoints were deemed to beoperational and others to beo�ine . Of the

operational endpoints, 7 (1.1%) responded successfully exactly once to QA1; 28 (4.5%)

responded successfully exactly twice; and 272 (44.1%) responded successfully three times.

In the most recent run, 298 endpoints responded to QA1. Of these, 168 (56.4%) also

responded with a single result for QA2, indicating some support for SPARQL 1.1 in about

half of the operational endpoints.

Moving forward, in order to mitigate the issue of temporary errors, for each endpoint,

the most recent non-empty results returned were considered for each endpoint and each

query over the three runs.

4.2.3 Success rates

The author �rst focused on the overall success rates for each query, looking at the ratio

of the 307 endpoints that returned non-empty results. The results are illustrated in

Figure 4.1, where it was found that the success rates varying from 25% for QE3 on

the lower end, to 94% for QC1 on the higher end. The three queries with the highest

success rates require only SPARQL 1.0 features to run (list all class partitions (QC1), all

property partitions (Q D1), and all nested partitions (QE1)). Hence author noticed that

{ as expected given that only 49% could respond to the SPARQL 1.1 test query QA2 {

more endpoints can answer queries not requiring novel SPARQL 1.1 features such as

counts or sub-queries. The query with the highest success rate that involved SPARQL 1.1

features was QB1, where 51% of endpoints responded with a count of triples. In general,

queries deriving counts within partitions had the lowest success rates.

Result sizes

Next the author focused on the size of results returned for each query. To illustrate this,

the Figure 4.2 shows result sizes in log scale for individual queries at various percentiles

considering all endpoints that returned a non-empty result. As expected, queries that

return a single count triple return one result across all percentiles. For other queries, the

result sizes extended into the tens of thousands. One may note that the higher percentiles

are quite compressed for certain queries, indicating the presence of result thresholds. For

example, for QC1, a common result-size was precisely 40,000, which would appear to
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Figure 4.1: Ratio of endpoints returning non-empty results per query

Figure 4.2: Sizes of results for di�erent queries taking 25th , 50th (median), 75th and
100th (max) percentiles, inclusive, across all endpoints returning non-empty results

be the e�ect of a result-size threshold. Hence it can be seen that, for public endpoints,

partial results are sometimes returned.

4.2.4 Runtimes

Finally the author focused on runtimes for successfully executed queries, incorporating

the total response time for issuing the query and streaming all results. Figure 4.3 presents

the runtimes for each query considering di�erent percentiles across all endpoints returning

non-empty results in log scale. It can be seen that quite a large variance in runtimes,

which is to be expected given that di�erent endpoints host datasets of a variety of sizes

and schemata on servers with a variety of computational capacities. In general, it was

noticed that the 25th percentile roughly corresponds with the single second line, but that

slower endpoints may take tens or hundreds of seconds. The 
at max trend seems to be
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Figure 4.3: Runtimes for di�erent queries taking 25th , 50th (median), 75th and 100th

(max) percentiles, inclusive, across all endpoints returning non-empty results

the e�ect of remote timeout policies, where query runtimes often reached its maximum

limit at between 100{120 seconds, likely returning partial results.

4.2.5 Summary

Although a high success rate was noted in asking for class and property partitions where

it would be expected to have such data for over 90% of the endpoints, the success rate

for queries using novel SPARQL 1.1 features dropped to 25{50%. It was also noted that

for queries generating larger result sizes, thresholds and timeouts would likely lead to

only partial results being returned.

4.3 SPARQL Portal

To utilise its maximum potential, based on the data collected, author proposesSPORTAL

(SPARQL portal ) which is a centralised catalogue indexing descriptions of the content

of individual SPARQL endpoints. The goal of SPORTAL is to help both human and

software agents �nd public SPARQL endpoints relevant for their needs. The system

makes minimal assumptions about how data are hosted.SPORTAL only assumes

a working SPARQL interface and thus does not require publishers hosting endpoints

to provide additional descriptions of the datasets nor to change how they host their

data. Rather than sending a query to each endpoint at runtime, author issues each

endpoint o�ine queries to gather metadata about its content, which are later used to

�nd relevant endpoints. Taking a simple example, instead of querying each endpoint

every time an agent is looking for a given class, can occasionally query each endpoint

(say on bi-weekly basis) for an up-to-date list of their classes and use that list to �nd
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relevant endpoints for the agent at runtime. Based on the variety of experiments that

characterised the feasibilities and limitations of collecting meta-data about the content

of endpoints by directly querying them, as discussed in the previous sections, here the

SPORTAL itself is described, including its interfaces, capabilities and limitations. A

prototype of SPORTAL is available online at http://www.sportalproject.org .

4.3.1 User interface

SPARQL Portal provides an online user interface with a number of functionalities.

First, users can search for speci�c endpoints by their URL; by the classes in their

datasets, and/or by the properties in their datasets. These features are o�ered by means

of auto-completion on keywords. For example, if a user wishes to �nd endpoints with

instances of drugs, they may type"drug" into the search bar and then select one of the

presented classes matching that search. Once a class is selected, the user is presented

with a list of public endpoints mentioning that class, ordered by the distinct subjects for

that class partition (as available).

This addresses the �rst research question i.e.\Dynamically discover datasets containing

data on biological entities (e.g. Proteins, Genes)". Using SPORTAL one can dynamically

discover datasets and SPARQL endpoints that contain data regarding biological entities.

If a user clicks on or searches for an endpoint, they can retrieve all the information

available about an endpoint as extracted by the queries previously described, providing

an overview of how many triples it contains, how many subjects, how many classes, etc.

The SPORTAL user interface also includes some graphical visualisations of some of

the high-level features of the catalogue, such as the most popular classes and properties

based on the number of endpoints in which they are found, the most common server

headers etc.

4.3.2 SPARQL interface

SPORTAL itself provides a public SPARQL endpoint, where the RDF triples produced

by the CONSTRUCTclauses of the self-descriptive queries issued against public endpoints

can themselves be queried. This allows users with speci�c requirements in mind to

interrogate the catalogue in a 
exible manner.

To take a �rst example, a client could pose the following query asking for the SPARQL

endpoints with the top 10 largest datasets in the catalogue:
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� �
SELECT ?dataset ?triples

WHERE f ?dataset void:triples ?triples .g

ORDER BY DESC(?triples) LIMIT 10
� �

This will return the following answer:

?dataset ?triples

http://cu.iproclass.bio2rdf.org/sparql#dataset 3,306,116,518

http://iproclass.bio2rdf.org/sparql#dataset 3,306,116,518

http://s4.semanticscience.org:14011/sparql#dataset 3,306,116,518

http://pubmed.bio2rdf.org/sparql#dataset 1,659,027,962

http://commons.dbpedia.org/sparql#dataset 1,229,690,546

http://dbpedia.org/sparql#dataset 1,014,781,313

http://lod.b3kat.de/sparql#dataset 893,756,474

http://live.dbpedia.org/sparql#dataset 551,549,075

http://wikidata.dbpedia.org/sparql#dataset 494,937,095

http://linked.opendata.cz/sparql#dataset 452,823,719

As a second example, take a user who is interested in data about proteins and asks

for endpoints with at least 50,000 triples about instances ofbiopax:Protein , with re-

sults in descending order of the number of triples about said instances. This user could ask:

� �
SELECT ?dataset ?triples

WHERE f ?dataset void:classPartition [ void:class biopax:Protein ; void:triples ?triples . ]

FILTER (?triples > 50000) g

ORDER BY DESC (?triples)
� �

This returns the following result:

?dataset ?triples

http://s4.semanticscience.org:14018/sparql#dataset 554,315

http://cu.sabiork.bio2rdf.org/sparql#dataset 163,648

http://s4.semanticscience.org:14024/sparql#dataset 163,648

http://sabiork.bio2rdf.org/sparql#dataset 163,648

http://biomodels.bio2rdf.org/sparql#dataset 57,131

http://cu.biomodels.bio2rdf.org/sparql#dataset 57,131

As a �nal example, consider an agent looking for SPARQL endpoints with at least 50

unique images of people, where this agent may ask:
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� �
SELECT ?dataset ?imgs

WHERE f

?dataset void:classPartition [ void:class foaf:Person ; void:propertyPartition [

void:property foaf:depiction; void:distinctObjects ?imgs ] .

] FILTER(?imgs > 50)

g

ORDER BY DESC (?imgs)
� �

This returns the following result:

?dataset ?imgs

http://eu.dbpedia.org/sparql#dataset 4514

http://eudbpedia.deusto.es/sparql#dataset 4514

http://data.open.ac.uk/query#dataset 306

http://apps.morelab.deusto.es/labman/sparql#dataset 78

Of course, this is just to brie
y highlight three examples of the capabilities of SPORTAL

and the kinds of results it can return. One could imagine various other types of queries

that a user could be interested in posing over theSPORTAL catalogue.

Limitations

SPORTAL naturally inherits many of the limitations raised during earlier experiments.

For instance, the previous example queries would probably miss endpoints that could not

return results for the relevant self-descriptive queries. In general, the catalogue should

be considered a best-e�ort initiative to collect as much metadata about the content of

endpoints as possible, rather than a 100% complete catalogue.

Another limitation is that SPORTAL can only help to �nd endpoints based on the

meta-data collected from self-describing queries, which mainly centres on the schema

terms used. For example, the system cannot help to �nd endpoints that mention a given

literal, or a given subject IRI etc.

4.4 Related Work

Some brief background is provided on (1) methods for accessing Linked Data, (2) the

problem of peer discovery in the area of Distributed Systems, (3) works on �nding relevant

SPARQL endpoints, and (4) techniques for describing/summarising RDF datasets.
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Linked Data access methods

Traditionally there have been three methods provided for consumer agents to access

content from knowledge-bases published as Linked Data:dereferencing , where IRIs of

interest are looked up via HTTP; dumps, where the entire content of a dataset is made

available for download; andSPARQL endpoints , where a query interface is provided

over the local content. A more recent proposal {Linked Data Fragments [87, 88] {

has recently begun to gain attention.

Both dereferencing and dumps are lightweight methods in tune with current practices on

the Web. However they can be ine�cient for agents to use. Consider an agent wishing to

retrieve the populations of Asian capitals from DBpedia. An agent has no direct way of

�nding the correct IRIs to dereference; even if they did, DBpedia speci�es aCrawl-delay

of 10 seconds. Assuming that the DBpedia IRIs of 49 Asian capitals needed dereferencing,

a polite agent would require 8 minutes to retrieve the respective documents and would

ultimately use one triple out of potentially hundreds of thousands in each document.

Using a dump would entail downloading an entire dataset to get at 49 triples. Hosting a

local dump mirror would require constant refreshing.

Hence publishers provide SPARQL endpoints as a convenient alternative to dereferencing

or dumps. To get the populations of Asian capitals, an agent could run the following

query against the DBpedia SPARQL endpoint9:
� �
SELECT ?pop ?city WHEREf ?city dct:subject dbc:Capitalsin Asia ; dbo:populationTotal ?pop .g

� �

All going well, the query will return populations in less than a second. Likewise only the

data that the client is interested in will be transferred. However SPARQL endpoints push

the burden from data consumers to producers. Hosting such a public query service is

expensive and, as a result, endpoints may not be able to answer all queries for all consumer

agents [60]. Despite problems with reliability, SPARQL endpoints still o�er an appealing

method for consumer agents to interact with remote Linked Data knowledge-bases where

endpoints such as DBpedia serve millions of queries for clients [89].

Proposing an alternative to SPARQL endpoints, Verborgh et al. [87, 88] proposed methods

for providing and organising multiple access methods to a Linked Dataset, including a

lightweight \triple pattern fragment", which allows clients to request all triples matching

a single pattern, the goal of which is to allow publishers to host highly reliable but greatly

simpli�ed query services, thereby trying to strike a better balance between the costs on

the client and server side. Although Linked Data Fragments (LDF) o�ers a valuable

9http://dbpedia.org/sparql ; l.a. 2015/02/03 (42 populations are returned at the time of writing).
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compromise between client and server costs while accessing data, being a recent proposal,

SPARQL endpoints still greatly outnumber the number of LDF servers on the Web.

SPARQL Endpoints as a Distributed System

Viewed from the perspective of Distributed Computing, each SPARQL endpoint on

the Web involves a client{server architecture, where numerous clients use the SPARQL

protocol to interface with a single external server.10 However, when hundreds of public

SPARQL endpoints are viewed collectively, they can be seen as forming a decentralised

peer-to-peer (P2P) system. In particular, with the advent of SPARQL 1.1 Federation [92],

endpoints can query each other and thus may perform computation on behalf of other

peers.

In this light, the goal of �nding relevant SPARQL endpoints relates to the core problem

of peer discovery in the P2P area, wherein a peer wishes to �nd another peer with a

particular piece of data. To make this task more e�cient, structured P2P systemsimpose

an overall organisation on the network overlay to ensure rapid peer discovery. The most

common structure is a Distributed Hash Table (DHT), which is e�ectively a distributed

map where keys are hashed to determine on which peer(s) a given set of key{value pairs

should be stored [93{ 96]. However, all such structured schemes assume that peers in the

network can be assigned data. But this is not true of SPARQL endpoints where peers

themselves decide which datasets they wish to index.

As such, public SPARQL endpoints collectively form anunstructured P2P system, where,

since there is no correlation imposed between a peer and the data it indexes, peer

discovery would necessarily involve one of two options: (i) a separate search index that

records the content at each peer (e.g., trackers in BitTorrent [97]), or (ii) blindly 
ooding

the network with queries looking for the desired data from peers in a "brute force"

manner (e.g., Gnutella [98]).

Rather than requiring a complete global structure or accepting zero structure, other

proposals aim to strike a balance by imposing a limited form of structure over nodes. For

example, routing indices [99] allow nodes to index whatever data they wish, but require

that each peer must additionally store pointers to a neighbouring peer that is closer to

the desired data; such an approach avoids blind 
ooding of queries during peer discovery,

instead allowing peers to berouted to relevant peer(s). Likewise, routing indexes avoid

the need for a central index of peer content.

10 The single server itself of course may be a distributed system, involving multiple replicated or
clustered machines [90, 91]; however, this is all transparent from the perspective of the client, who sees
one server.
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However, the goal is to enable peer discovery of SPARQL endpoints without changing the

current infrastructure. Thus author feels that it is important to explore options over the

current infrastructure �rst before proposing that hundreds of stakeholders change how

they host their data. For example, author does not presume that publishers will agree to

add and maintain routing indexes towards the endpoints of external publishers. Hence

author assumes that no structure is imposed on the peers, but rather that each SPARQL

endpoint indexes its own data. Thus the scenario is e�ectively unstructured and therefore

author has no guarantees about which data may appear at which endpoint/peer.

Discovering SPARQL endpoints

Following on from the previous discussion, since public SPARQL endpoints are inherently

unstructured, there are two high-level options for discovering SPARQL endpoints with

relevant data: (1) 
ood the endpoints with queries, or (2) build a central search index.

As previously discussed in the introduction, federated SPARQL engines employ one or

both of these strategies [82, 83, 100{ 102]. The goal is to build a central search index

based on data collected from endpoints through their native SPARQL interfaces.

There are a variety of locations online where lists of public endpoints can be found and

searched over. For example, DataHub11 provides a list of hundreds of Linked Datasets,

many of which o�er pointers to SPARQL endpoint locations. However, the search

functionality provided is limited in most cases to keyword search over the dataset title,

or to browsing datasets with a given tag, etc. Likewise, many of the endpoints listed

have been o�ine for years [60].

A number of other works [60, 103] have looked at how SPARQL endpoints can be

(indirectly) discovered. Buil et al. [ 60] propose SPARQLES as a catalogue of SPARQL

endpoints, but focus on performance and stability metrics rather than cataloguing content.

They do however remark that they could only �nd static descriptions for the content of

about one third of the public endpoints surveyed, making endpoint discovery di�cult.

Likewise, the analysis by Lorey [103] of public endpoints focused on characterising the

performance o�ered by these services rather than on the problem of discovery.

Paulheim and Hertling [79] looked at how to �nd a SPARQL endpoint containing content

about a given Linked Data URI. Using VoID descriptions and the DataHub catalogue,

the authors could �nd suitable endpoints for about 15% of the sample of ten thousand

URIs considered. Mehdi et al. [104] looked at the problem of discovering endpoints that

may be relevant to a set of domain-speci�c keywords: their approach involved generating

11 http://datahub.io/ , l.a. 2015/02/03.
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a list of RDF literals from the keywords and 
ooding queries against endpoints to see if

they contained, for example case or language-tag variations of the literals.

To the best of the author's knowledge, although a number of works have indirectly tackled

the issue of discovering SPARQL endpoints, there have been no proposals for a search

index over public SPARQL endpoints that allows, for example to �nd all endpoints

containing metadata for instances of a given class.

Describing/Summarising RDF datasets

With respect to building a central search service for endpoints based on their content,

it would seem infeasible to index all of the data from the endpoint, hence some form

of summary or schema overview must be indexed. A variety of works have proposed

methods to describe and/or summarise RDF datasets.

In terms of describing meta-data about RDF datasets, Cyganiak et al. [105] proposed

Semantic Sitemaps to mark the locations of di�erent Linked Data access points. However

information captured is limited to broad concepts such as change frequency. Alexander

et al. [84] later proposed VoID for describing RDF datasets and the links between them.

As can be seen that the vocabulary provides terms for describing high-level statistics

about a dataset, as well as about the instances of speci�c classes and the usage of

speci�c properties. A number of works have proposed extensions to the VoID vocabulary.

Mountantonakis et al. [106] propose to extend VoID with connectivity metrics with

respect to pairs of data sources to capture, for example, the number of common RDF

terms used in both sources and the increase in average node degree when both sources are

combined and so on. Omitola et al. [107] proposed to extend VoID to allow publishers to

describe in more depth the provenance of their dataset.

With respect to computing dataset descriptions, Bohm et al. [108] demonstrated that

computing a VoID description for large datasets is feasible using MapReduce techniques.

More recently, Fetahu et al. [85] proposed extracting topics from a dataset based on a

combination of information retrieval techniques such as PageRank and HITS and Named

Entity Recognition applied o�ine over the dataset.

Closer to the contribution presented in this chapter, various works have proposed using

SPARQL to extract high-level information about an RDF dataset. Auer et al. [ 109]

proposed LODstats, which applies analytics over a stream of RDF data but which uses

SPARQL �lters to reject/select (ir)relevant triples with use of SPARQL being limited to

�lters. Langegger & W•o� propose RDFStats [ 110], which uses a pipeline of SPARQL

(1.0) queries to generate a histogram on a per-class basis, representing the predicates
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and types of values associated with its instances. Holst & H•o�g [111] proposed the use

of SPARQL 1.1 queries to discover speci�c aspects of an RDF dataset. This work is

perhaps the most related to work presented in this chapter. But the authors do not

consider VoID and only run local experiments over three datasets. Mountantonakis et

al. [106] propose a set of SPARQL 1.1 queries that can compute the connectivity metrics

with which they extend VoID.

The SPARQL 1.1 Service Description (SD) [112] vocabulary was recently recommended

by the W3C. However, unlike the previous works discussed which focus on describing

the content of datasets, SD describes technical aspects of an endpoint, such as features

supported, dataset con�gurations etc.

Other works [113{ 115], have focused on summarising the content of RDF datasets

(rather than describing them using a high-level RDF description). Umbrich et al. [113]

propose to use an approximate, hash-based indexing structure, called a QTree, to aid in

source selection. The QTree allows for determining which sources are likely to contain

matches for a given RDF triple pattern but at a fraction of the size of the original

dataset. Khatchadourian & Consens [114] propose creating bisimulation labels that

capture connectivity in an RDF graph on the level of the namespaces of the instance

URIs and the schema used. Campinas et al. [115] propose using existing graph summary

algorithms to summarise RDF graphs, where nodes that are equivalent per some relation

{ e.g. having the same types, or the same attributes { are collapsed into a single node to

create a smaller summary graph.

4.5 Discussion

The limitations of SPORTAL lie in the inability of some endpoints to return answers

to complex queries. Buil et al. [60] previously reported that endpoints may exhibit

performance and reliability issues, may return partial results, etc. Some endpoints may

not support SPARQL 1.1 whilst others may index very large and/or diverse datasets over

which complex aggregates cannot be successfully executed. This creates a practical limit

with respect to how detailed a content descriptionSPORTAL can generate for certain

endpoints. For example, in later results author shows that, while 93.8% of operational

public endpoints respond successfully when asked for a list of all classes in their dataset,

only 40.2% respond successfully when additionally asked how many instances those

classes have. Thus theSPORTAL catalogue would include meta-data about the classes

that appear in 93.8% of the catalogued endpoints, but only in 40.2% cases would the

catalogue have information about how many instances appear in those class.
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Rather than limiting by building uniform descriptions of each endpoint based on infor-

mation that can be computed from, say,> 90% of endpoints,SPORTAL also considers

more complex queries in its scope. While most endpoints cannot return responses to such

queries, as author shows, a non-trivial percentage of endpoints do respond. In the interest

of collecting as much data as possible from these latter endpoints, author includes these

more complex queries. Likewise author would hope that as SPARQL implementations

mature, the percentage of endpoints responding to more complex queries may grow over

time. As a result, the descriptive meta-data available for an individual endpoint may

di�er from others depending on its ability to answer increasingly complex queries over

its dataset. A core contribution in this chapter is thus to evaluate the ability of public

SPARQL endpoints to answer increasingly complex self-descriptive queries, which re
ects

the coverage of high-level metadata available to theSPORTAL catalogue (and similar

agents) using only the SPARQL interface.



Chapter 5

Autonomous Resource Discovery

and Indexing

\It would be possible to describe everything scienti�cally, but it would make

no sense; it would be without meaning, as if you described a Beethoven

symphony as a variation of wave pressure."

{Albert Einstein

This chapter provides important contributions necessary for further work presented in

Chapters 6 and 7. In particular, this chapter describes the design and implementation

of the proposed notion for developing Autonomous Resource Discovery and Indexing

(ARDI)- an approach for cataloguing and linking Linked Open Data Cloud to facilitate

\a posteriori" integration in Health Care, Life Sciences and biomedical Domain. This

chapter starts with introducing CanCo- a biomedical Semantic Model created in the

context of Cancer Chemoprevention that provides a seed for identifying Query Elements

(Qe). Query Elements are the list of relevant concepts and properties in the context

of Cancer Chemoprevention and used during the linking phase of developing ARDI.

Subsequently, this chapter details the algorithm for generating ARDI that comprises

of two phases- i) Cataloguing and ii) Linking. It is worth noting that through out this

thesis, the context of Cancer Chemoprevention was taken into account as a case study.

However author believes that the approach of generating ARDI is generic enough to

be used in other contexts such asDrug Discovery or Protein Protein Interaction etc.

Results and evaluation of both the phases for generating ARDI are also presented. In the

last part of the chapter some practical applications of ARDI are highlighted including

BioFed which is a Query Engine (QE) for federating SPARQL queries through linked Life

83
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Science data cloud, andReVeaLD which is a Real-time Visual Explorer and Aggregator

of Linked Data.

Content of this chapter is based on publications presented by Hasnain et al [7, 8], [6]

and [35].

5.1 CanCo: Biomedical Semantic Model

As mentioned earlier, for achieving \a posteriori" integration ARDI is presented to

catalogue and link Life Science Linked Open Data Cloud (LS-LOD). In order to link

concepts and properties from available resources in the Life Science Cloud, there is a

need to de�ne and select the set of concepts as well as those properties which can be

used to weave the concepts. This selection of concepts and their relationships based on

di�erent properties can be de�ned using a \Semantic Model" or a \Biomedical Semantic

Model". For the use case and proof of concept in this thesis, the Semantic Model in the

context of Cancer Chemoprevention and Drug Discovery is de�ned. Already existing

models and vocabularies can not be used as most of them can not fully cover the details

of the Cancer Chemoprevention domain.

For creating a Biomedical Semantic Model, approximately 70 biomedical data sources

(vocabularies, ontologies, linked datasets and reference data) found in the literature were

analysed by Zeginis et al [6]. Still these sources are generic enough that they do not

fully cover the peculiarities of the Cancer Chemoprevention domain [6]. For example,

the Experimental Factor Ontology (EFO) [ 116] and the Ontology for Biomedical Investi-

gations (OBI) [117] cover aspects related to the biomedical experiments, but they do

not connect the experiments to Cancer Chemoprevention processes. Though the Gene

Ontology (GO) [ 118], and BioPax [119] aims at standardising the representation of genes

and pathways respectively, they do not relate them with the action of a Chemopreventive

agent. Therefore there is lack of an ontological model clearly designed for speci�cally tar-

geting the Cancer Chemoprevention domain. Data relevant to Cancer Chemoprevention

is typically spread across a very large number of heterogeneous data sources including

ontologies, knowledge bases, linked datasets, databases with experimental results and

publications. The Cancer Chemoprevention Semantic Model uni�es all this data and

works as a \glue" between them allowing the querying of data across sources with a

single search (by linking the existing Life Sciences LOD Cloud) and the annotation of

data (experimental data and publications) related to Cancer Chemoprevention.

Hence, Zeginis et al [6] proposed methodology for the Semantic Model development

follows a \meet-in-the-middle" approach. On the one hand, the concepts emerged in a
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bottom-up fashion from analysing the domain and interviewing domain experts regarding

their data needs. On the other hand, it followed a top-down approach whereby existing

ontologies, vocabularies and data models were analysed and integrated with the model.

The identi�ed elements were then fed to a multi-phase abstraction exercise in order to

get the concepts of the model. The derived model was also evaluated and validated by

domain experts.

The methodology was applied to the creation of the Cancer Chemoprevention Semantic

Model that formally de�nes the fundamental entities used for annotating and describing

interconnected Cancer Chemoprevention related data and knowledge resources on the

Web [6]. This model is meant to o�er a single point of reference for biomedical researchers

to search, retrieve and annotate linked Cancer Chemoprevention related data and web

resources. The model covers four areas related to Cancer Chemoprevention [6]: i) concepts

from the literature that refer to Cancer Chemoprevention, ii) facts and resources relevant

for Cancer prevention, iii) collections of experimental data, procedures and protocols

and iv) concepts to facilitate the representation of results related to virtual screening of

Chemopreventive agents Figure 5.2.

ˆ The Cancer Chemopreventionarea enables the semantic annotation and represen-

tation of Cancer Chemoprevention related data and resources that de�ne the main

components of the Chemoprevention procedure.

ˆ The Experimental representation area facilitates the semantic annotation and

representation of experimental data, procedures and protocols followed in order to

identify and examine chemopreventive agents.

ˆ The Virtual screening area facilitates the representation of data related to the

execution of Cancer Chemoprevention experiments through computer simulation.

ˆ The Literature representation area enables the semantic annotation and processing

of scienti�c papers in online libraries related to Cancer Chemoprevention.

5.1.1 Model Conceptualisation

Development of the conceptual model followed a three pronged strategy i) Manual con-

ceptualisation, ii) Top-down conceptualisation and iii) Bottom-up conceptualisation.

Manual Conceptualisation

The �rst step of the conceptualisation, as de�ned in the methodology, is the identi�cation
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Figure 5.1: A categorisation of the ontologies and datasets grouped for CanCO
Biomedical Semantic Model, (Zeginis et al. [6])

of the core concepts that came out of the speci�cation. One of the main concepts iden-

ti�ed is the Chemopreventive agent. Other concepts identi�ed are the Pathway, where

a Chemopreventive agent may participate, theSource (Natural or Synthetic) where a

Chemopreventive agent can be found in, theAssay that may examine a Chemopreventive
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agent and the Publications that refer to an agent. These concepts act as a \seed" for the

model to grow [6].

Top-down Conceptualisation

In the top-down conceptualisation, existing models (e.g. CancerGrid metamodel) and

ontologies (e.g. ACGT) relevant to Cancer Chemoprevention were analysed and clustered

in order to identify the concepts and relationships relevant to CanCo [6]. In order to �nd

these ontologies and models an extensive search, collaboratively with domain experts, was

conducted on the Web and at biomedical related repositories, indicated by the biomedical

researchers, such as BioPortal and OBO Foundry. These repositories and ontologies

are introduced in Section 2.7 and 2.4 respectively. See also Figure.5.1 for Ontologies

accessed.

Bottom-up Conceptualisation

The bottom-up construction of the model identi�es concepts based on existing linked

datasets that are relevant to Cancer Chemoprevention. More speci�cally, during the

bottom-up conceptualisation following is analysed [6]:

ˆ Publicly available datasets in the Linked Open Data Cloud tagged with \Life

Sciences" and/ or \Healthcare".

The analysis of thepublicly available linked datasetswas based either on the data provided

through the SPARQL endpoints of each dataset or through the searching mechanism

provided by their resources available over the Web. In order to identify the linked

datasets, a thorough search was conducted on the Web and in repositories containing

biomedical-related SPARQL endpoints, such as Bio2RDF, LODD and LinkedLifeData.

These datasets/datasources are introduced in Section 2.6.1. See also Figure.5.1 for

datasets accessed through SPARQL endpoint and/or databases, services and libraries

through searching mechanism. The analysis of the linked datasets follows a two-step

approach [6]:

ˆ the elements of each dataset were reviewed, compared with the core concepts

and clustered manually into semantically equivalent clusters. For each cluster, a

representative concept was extracted. Moreover, representative attributes were

reviewed

ˆ an automatic analysis of the datasets is conducted. This analysis is based on the

outcome (i.e. concept identi�ed) of the �rst step and detects similar concepts taking
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Figure 5.2: CanCo: Biomedical Semantic Model for interlinking Cancer Chemopre-
vention linked-data sources, (Zeginis et al. [6])

into account their names, synonyms etc. A detailed description of aforementioned

automatic analysis approach is presented by Hasnain et. al [7].

The outcome of the conceptualisation phase is the CanCo model (Figure. 5.2) that

comprises Concepts covering four important areas namely: i) Cancer Chemoprevention,

ii) Virtual Screening, iii) Experimental Representation and Literature Representation.

The concepts and properties listed in Figure 5.2 are also know asquery elements, which

seems relevant in the context of Cancer Chemoprevention and will be used during the

second phase of developingARDI - namely Link Creation.

5.2 Autonomous Resource Discovery and Indexing for LS-

LOD Cloud

To facilitate \a posteriori" integration , the notion of ARDI - the Autonomous Resource

Discovery and Indexing for Life Science Linked Open Data Cloudis proposed. The

methodology for creating the ARDI comprises two phases i) Catalogue Generation and

ii) Link Generation. This section presents the methodology for generating the Catalogue

and Links. In chapter 4 a two prong analysis is presented, in order to analyse two things:



Chapter 5. Autonomous Resource Discovery and Indexing 89

Figure 5.3: ARDI: Autonomous Resource Discovery and Indexing (Hasnain et al. [7])

i. What is the content of a public SPARQL endpoint? and ii. How self descriptive these

endpoints are?. A list of 540 SPARQL endpoints registered in the DataHub was collected

in April 20151. Likewise a list of endpoints from Bio2RDF releases 1{3 was collected. In

total, 618 unique endpoints (59 endpoints were present in both lists) were collected. The

results are based on experiments performed in April 2015. Out of 618 unique endpoints,

for generating ARDI, only 137 public SPARQL endpoints2 were considered for further

investigation and data collected from these was organised in an RDF document - the

LS-LOD Catalogue. This list of 137 SPARQL endpoints was captured from publicly

available Bio2RDF datasets and by searching for datasets in Datahub tagged\Life

Science", \Healthcare" or \biomedical" . In other words, out of all the publicly available

endpoints only relevant ones were considered for further investigation and for generating

ARDI. Those were relevant in regard to \Life Science" , \Healthcare" or "biomedical" .

Moreover these endpoints have a higher complexity than other endpoints (e.g. from

industry), having a higher number of relations. Furthermore the ontologies are available

which a priori should lead to a better standardisation and thus also to a higher degree

of \self-description" (Chapter 4).

5.3 Methodology for Catalogue Development

The methodology for catalogue generation relies on retrieving all \types" (distinct

concepts) from each SPARQL endpoint and all associated properties with corresponding

instances. URI patterns and Example Resourceswere also collected during this process.

Connecting the di�erent concepts, that is making links between them, is an ultimate goal

of this research to facilitate the navigation across the LS-LOD Cloud. As an example

from a Drug Discovery scenario, it is often necessary to �nd the links between\Cancer

Chemopreventive agent"and \publication" . For enabling this, a preliminary analysis

of multiple SPARQL endpoints containing data from biomedical, the Life Sciences and
1http://datahub.io
2http://goo.gl/ZLbLzq
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the Healthcare domains was undertaken. A semi-automated method was devised to

retrieve all classes (concepts) and associated properties (attributes) available through

any particular endpoint by probing data instances. The work
ow de�nition for probing

instances through endpoint analysis using the W3C SPARQL algebra notation3 is as

follows [7]:

1. For every SPARQL endpoint Si , �nd the distinct Classes C(Si ) :

C(Si ) = Distinct (P roject (?class (toList (BGP (triple [ ] a ?class ))))) (5.1)

2. Collect the Instances for each ClassCj (Si ) :

I i : Cj (Si ) = Slice (P roject (?I (toList (BGP (triple ?a a < C j (Si ) > )))) ; rand ()) (5.2)

3. Retrieve the Predicate/Objects pairs for eachIi : Cj (Si ):

I i (P; O) = Distinct (P roject (?p; ?o (toList (BGP (triple < I i : Cj (Si ) > ?p ?o )))) (5.3)

4. Assign ClassCj (Si ) as domain of the Property Pk :

Domain (Pk ) = Cj (Si ) (5.4)

5. Retrieve Object type (OT ) and assign as a range of the PropertyPk :

Range(Pk ) = OT ; OT =

8
>>>>>>><

>>>>>>>:

rdf : Literal if ( Ok is String )

dc : Image if ( Ok is Image )

dc : InteractiveResource if ( Ok is URL )

P roject (?R (toList (BGP

(triple < O k > rdf : type ?R))) if ( Ok is IRI )

(5.5)

It is worth noting that step 2 is heuristic. Performing step 3 on a list of random instances

is only necessary to avoid query timeout as the alternative (triple [ ] ?p ?o ) would

generally retrieve too many results. Step 5 e�ectively creates links between two entities

(Cj (Si )) and the Object Type ( OT ), but only when the object of the triples ( Ok ) retrieved

in step 3 are URIs. It is found that the content-type of properties can take any of the

following formats:

1. Literal (i.e non-URI values e.g: \Calcium Binds Troponin-C" )

2. Non-Literal; these can further be divided into one of following types:

(a) URL (e.g.: <http://www.ncbi.nlm.nih.gov/pubmed/1002129> ) which is

not equivalent to a URI because it cannot retrieve Structured Data.

(b) Images (e.g: <http://www.genome.jp/Fig/drug/D00001.gif> )

3http://www.hpl.hp.com/techreports/2005/HPL-2005-170.pdf (l.a.: 2015-07-30)
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(c) URI (e.g.: <http://bio2rdf.org/pubchem:569483> ); the most common

types of URI formats discovered were:

i. Bio2RDF URIs (e.g.: <http://bio2rdf.org/gi:23753> )

ii. DBpedia URIs (e.g.: <http://dbpedia.org/resource/Ontotext> )

iii. Freie Universit•at Berlin URIs e.g.:

<http://www4.wiwiss.fu- berlin.de/drugbank/resource/drugs/DB00339>

iv. Other URIs (e.g.: <http://purl.org/ontology/bibo/Journal> )

5.3.1 An Extract from Developed Catalogue

RDFS, Dublin Core4 and VoID5 vocabularies were used for representing the data in the

LS-LOD catalogue. A slice of the catalogue is presented as follows6:

<http://kegg.bio2rdf.org/sparql> a void:Dataset ;

void:property <http://bio2rdf.org/ns/bio2rdf#url>,

<http://bio2rdf.org/ns/bio2rdf#synonym>,

<http://bio2rdf.org/ns/bio2rdf#isA>,

<http://bio2rdf.org/ns/kegg#systematicName>,

<http://bio2rdf.org/ns/kegg#xProduct>,

<http://bio2rdf.org/ns/kegg#xCofactor>

<http://bio2rdf.org/ns/kegg#xGene>,

<http://bio2rdf.org/ns/kegg#xSubstrate> ;

void:class <http://bio2rdf.org/ns/kegg#Enzyme> ;

void:sparqlEndpoint <http://kegg.bio2rdf.org/sparql>,

<http://s4.semanticscience.org:12014/sparql> .

<http://bio2rdf.org/ns/kegg#Enzyme> rdfs:label "Enzyme";

void:exampleResource <http://bio2rdf.org/ec:3.2.1.161>.

<http://bio2rdf.org/ns/kegg#xSubstrate> a rdf:Property;

rdfs:label "#xSubstrate" ;

voidext:domain <http://bio2rdf.org/ns/kegg#Enzyme> ;

voidext:range <http://bio2rdf.org/kegg_resource:Compound>.

<http://bio2rdf.org/kegg_resource:Compound>

void:exampleResource <http://bio2rdf.org/cpd:C00001>;

void:uriRegexPattern "^http://bio2rdf\\.org/cpd:.*" ;

voidext:sourceIdentifier "cpd" .

Query 3: An Extract from the LS-LOD Catalogue for KEGG dataset

The RDF above is an illustrative example of a portion of the catalogue generated for the
KEGG SPARQL endpoint 7. VoID is used for describing the dataset and for linking it with

4http://dublincore.org/documents/dcmi-terms/ (l.a.: 2015-07-12)
5http://vocab.deri.ie/void (l.a.: 2015-07-12)
6All pre�xes can be looked up at http://prefix.cc/ (l.a.: 2015-09-31 )
7http://kegg.bio2rdf.org/sparql (l.a.: 2014-02-01)
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the catalogue entries. Thevoid#Dataset being described in this catalogue entry is the
\KEGG" SPARQL endpoint. In cases where SPARQL endpoints were available through
mirrors (e.g. most Bio2RDF endpoints are available through Carleton Mirror URLs)
or mentioned using alternative URLs (e.g. http://s4.semanticscience.org:12014/sparql ),
these references were also added as a second value for thevoid#sparqlEndpoint property.
Listing 3 also includes one identi�ed class(http://bio2rdf.org/ns/kegg#Enzyme ) and one
property using that class as a domain(http://bio2rdf.org/ns/kegg#xSubstrate ).

Classes are linked to datasets using thevoid#class property. The labels were col-

lected usually from parsing the last portion of the URI and probed instances were

also recorded(http://bio2rdf.org/ec:3.2.1.161 )as values forvoid#exampleResource. Proper-

ties (http://bio2rdf.org/ns/kegg#xSubstrate ) collected by proposed algorithm (steps 3,4,5)

were classi�ed asrdfs:property .

When the object of a predicate/object pair is of type URI (e.g. as for KEGG shown

in Listing 3), the algorithm attempts to perform link traversal in order to determine

its object type (OT ). In most cases however, the URI was not dereferenceable and

in such cases an alternative method relies on querying the SPARQL endpoint for the

speci�c \type" of the instance. In the example above, dereferencing the object URI

<http://bio2rdf.org/cpd:C00001> resulted in class<http://bio2rdf.org/kegg_resource:Compound> .

This is called as a \range class" used as the range of the following mentioned property

<http://bio2rdf.org/ns/kegg#xSubstrate> . Object URI <http://bio2rdf.org/cpd:C00001> is

classi�ed as void#exampleResource of <http://bio2rdf.org/kegg_resource:Compound> and the

URI regular expression pattern is recorded undervoid#uriRegexPattern .

It is found that, in many cases, the \sourceIdentifier" or the identi�er that appears

before the \:" symbol in case of many URIs could be used for discovering the appropriate

type for the non-dereferenceable URI when none was provided. Although this is not

a standardised method, nonetheless it was found to be useful in mapping classes. For

non-dereferenceable URIs with no actual class asOT (termed Orphan URIs), a new OT

is created using UUID, which is classi�ed asvoidext#OrphanClass (Listing 4).

<http://bio2rdf.org/ns/kegg#xSubstrate> a rdf:Property;

voidext:domain <http://bio2rdf.org/ns/kegg#Reaction> ;

voidext:range roadmap:CLASS2c2ab5b75a454f678a9056dfc1d1214.

roadmap:CLASS2c2ab5b75a454f678a9056dfc1d1214

a voidext:OrphanClass;

void:exampleResource <http://bio2rdf.org/cpd:c00890> ;

void:uriRegexPattern "http://bio2rdf\\.org/cpd:*" ;

voidext:sourceIdentifier "cpd" .

Query 4: Orphan Classes captured in Catalogue
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Figure 5.4: Comparative plot of available versus catalogued Query Elements (Hasnain
et al. [8])

5.3.2 Experimental Setup for Evaluation

The performance of the catalogue generation methodology (Section 5.3) was evaluated [8].

The aim of this evaluation was to determine if user could catalogue any SPARQL endpoint

and link it to the ARDI in a desirable amount of time with a considerable percentage

capture (catalogued elements/total elements). Experiment was proceeded by recording

the times taken to probe instances through endpoint analysis of 12 di�erent endpoints

whose underlying data sources were considered relevant for Drug Discovery - Medicare,

Dailymed, Diseasome, DrugBank, LinkedCT, Sider, National Drug Code Directory

(NDC), SABIO-RK, Saccharomyces Genome Database (SGD), Kyoto Encyclopedia of

Genes and Genomes (KEGG), Chemical Entities of Biological Interest (ChEBI) and

A�ymetrix probesets. The cataloguing experiments were carried out on a standard

machine with 1.60Ghz processor and 8GB RAM using a 10Mbps internet connection.

The total available concepts and properties at each SPARQL endpoint as well as those

actually catalogued in the ARDI are recorded (Fig. 5.4). The total number of triples

exposed at each of these SPARQL endpoints and the total time taken for cataloguing was

also recorded. It was attempted to select those SPARQL endpoints which have a better

latency for this evaluation, as the availability and the up-time of the SPARQL endpoint

is an important factor for cataloguing. Best �t regression models were then calculated.

5.3.3 Evaluation Results

As shown in Fig. 5.5, the methodology took less than 1000000 milliseconds (< 16 minutes)

to catalogue seven of the SPARQL endpoints, and a gradual rise with the increase

in the number of available concepts and properties [8]. Two power regression models

(T = 29206 � C1:113
n and T = 7930 � P1:027

n ) are obtained to help extrapolate time taken
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Figure 5.5: Time taken to catalogue 12 SPARQL endpoints (Hasnain et al. [8])

to catalogue any SPARQL endpoint with a �xed set of available concepts (Cn ) and

properties (Pn ), with R2 values of 0.641 and 0.547 respectively. Using these models and

knowing the total number of available concepts/properties, a developer could determine

the approximate time (ms) as a vector combination. A comparative plot of the total

number of concepts and properties available at the endpoints against those catalogued by

the proposed methodology was also prepared. A> 50% concept capture for 9 endpoints,

and a > 50% property capture for 6 endpoints are obtained. KEGG and SGD endpoints

had taken an abnormally large amount of time for cataloguing than the trend-line. The

reason for this may include endpoint timeouts or network delays.

5.4 Methodology for Link Creation

This section describes the weaving of \concepts" and \properties" in the LS-LOD

catalogue to a list of Qe determined as relevant in the domain of Cancer Chemoprevention.

It is worth noting that this initial set of Qe is a subset of the LS-LOD catalogue, collected

from the CanCo Semantic Model, resulted in Qe e.g. gr:Molecule, gr;Protein. Thus

it can be replaced with any subset of the LS-LOD catalogue. In order to enable the

query rewrite necessary for\a posteriori integration" queries, links between these Qe

and concepts/properties in LS-LOD were created using predicates that can be used by

reasoning engines to infer new instances/links (e.g. subClassOf and subPropertyOf).

Doing so ensures that a federated query engine is able to make use of RDFS reasoning

to transform a simple query into a federated query [7].

The LS-LOD catalogue resulted in a \pool" of 12,658 distinct concepts and 1,792 distinct

properties from 137 endpoints, the majority of which were not included in any Bioportal

ontologies. Furthermore none of the existing semantic matching/ontology alignment

approaches could be used for addressing the challenge in its entirety. As such, several

approaches were combined towards maximising the number of links created. The approach
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was divided into 4 types of matching described as follows: 1) Na•�ve; 2) Named Entity; 3)

Domain dependent, 4) Regex Matching.

5.4.1 Na•�ve Matching/ Label Matching

The simplest method of creating links between concepts is through Na•�ve Matching

[7]. In the catalogue development phase the labels of all the concepts and properties

were captured and when labels were missing, a new label was created from the last

portion of the URIs. In the majority of cases, when two concepts share a label (e.g.

\Compound"), they can con�dently be linked together in same context (e.g. in LS-LOD

a \Compound" is always a \Chemical Compound"). The algebra used by a SPARQL

federated engine to assign instances to the na•�ve matched concepts is formalised as:

type(I2,D1):= type(I1,D1),type(I2,D2),label(D1,L),label(D2,L) -where I1 and

I2 are instances; D1, D2 are two concepts, and L is the shared label.

5.4.2 Named Entity Matching

A signi�cant number of instances in LS-LOD are annotated to concepts representing

the same entity (e.g. Molecule) but di�er in their labels (e.g. Compound or Drug)

[7]. Given that, the main concern was to enable query transformation, this method

was also used for matching concepts even when they were not exactly the same. For

example, even though \Compound" and \Drug" are not always synonyms, instances

of \Compound" and \Drug" are also the instances of \Molecule". For such links, the

\bags of related words" were created through synonym and related terms identi�cation.

WordNet [120] and Uni�ed Medical Language System (UMLS) [47] vocabularies were used

to achieve automated similarity and relatedness scores with limited success (non speci�c,

unrealistic and redundant links). To improve and explain this observation domain experts

were contacted after examining the unmatched concepts. The involvement of domain

experts was minimal and only used for �lling gaps in recognising identi�able patterns -

e.g.(http://bio2rdf.org/blastprodom:PD002610). All concept URIs with similar patterns

could be mapped to the Protein Qe automatically [7].

5.4.3 Manual and Domain dependent unique identi�er Matching

Domain matching relies on properties that uniquely identify concepts. For example,

InChi is a property speci�cally devised for describing molecules. These properties were

captured using owl:hasKey. In addition to enabling schema-level matching, identifying

these properties has the added advantage of enabling the automated linking of instances
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as well. The following formalization describes the assignment of instances to two concepts

matched using domain matching [7]:

map(D1 , D2) := type(I1, D1), type( I2, D2),

hasKey(D1, inchi1), hasKey(D2, inchi2), same (inchi1, inchi2)

5.4.4 Regular Expression Match

Regular Expression matching can be considered as a special case of \Na•�ve Matching".

The Regular Expressions for all those URIs, that may or may not be dereferenced (Orphan

URIs), were captured during the catalogue generation phase. By looking at the similar

Regular Expressions it can be concluded that two distinct URIs belong to the same class.

Considering the same Regular Expressions of instances of Orphan and non-Orphan URIs,

an Orphan URI can safely be linked with a non-Orphan URIs.

5.4.5 Experimental Results

This section presents the results and �ndings related to LS-LOD catalogue development

and Link Creation. In the initial exploration of LS-LOD it was found that a total of

12,939 concepts, of which 12,658 were unique and out of 41,370 properties, 1,792 were

unique. Section 5.4.6 exposes and discusses the linking results obtained using WordNet.

Sections 5.4.7 and 5.4.8 discuss the statistics regarding the mapping created on the basis

of di�erent sequential approaches (section 5.4).

5.4.6 Linking results using WordNet

WordNet similarity measures can be classi�ed into three categories [7]: (i) Edge counting-

based; (ii) Information content-based and (iii) feature based. Using WordNet thesauri

it was attempted to automate the creation of bags of related words using 6 algorithms:

Jing and Conrath [121], Lin [122], Path [123], Resnik [124], Vector [125] and WuPalmer

[126]. Concepts were considered the same when the similarity/relatedness value between

them was \1" and dissimilar/ unrelated when \0". Other threshold values were also

considered. The links created were evaluated by the experts working in the biomedical

domain. The linking results obtained by usage of these algorithms are available in Figure

5.6 and Table 5.1. The results show that a negligible amount of links were created with

a maximum of 1.08% accepted links using Resnik. Only the links that have similarity

greater than 0.9 were considered correct. Links to more than one Qe via Resnik needed

manual intervention to decide which link is appropriate [7].
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Figure 5.6: Linked concepts statistics using di�erent algorithms and Wordnet (Hasnain
et al. [7])

Table 5.1: WordNet based linked concepts statistics

Algorithms Total Link %link created Correct Links %Correct links
Jing/Conrath [121] 30 0.247 21 0.173

Lin [122] 104 0.858 41 0.338
Path [123] 18 0.148 18 0.148

Resnik [124] 3592 29.639 131 1.08
Vector [125] 18 0.148 18 0.148

WuPalmer [126] 647 5.338 107 0.882

These results suggest that the concepts and properties in LS-LOD are too speci�c and

thus WordNet thesauri is possibly too generic for this domain. Similar results were

obtained with the UMLS thesaurus, where linking results were not considered relevant as

very low similarity scores were assigned for reasonably similar concepts [7]. For Example

UMLSsimilarity (molecule, drug) = 0.4835, with high similarity scores being assigned

for some dissimilar concepts- e.g. UMLSsimilarity(molecule, organism) = 0.7298. The

reason could be the underlying similarity algorithms implemented by these systems.

Furthermore it was found that several concepts whose labels consisted of compound

words such as underscore, camel-case or dash separated words (e.g. PathwayDatabase)

could be easily used for matching using the simplest strategy (Na•�ve Matching). Most of

the existing tools and technologies do not support this heterogeneity in label composition

and this could also explain the poor matching results obtained. Hence WordNet or UMLS

could not be considered as a basis of the proposed linking approaches, the results of

which are presented in next section.



Chapter 5. Autonomous Resource Discovery and Indexing 98

Table 5.2: Statistics regarding di�erent concepts linked using the proposed linking
approaches

Total Identi�ed Concepts 12,939 % Distinct
Total Identi�ed Distinct Concepts 12,658 2.32%

Semi-auto NamedEntity Match 11,343 89.6%
Unmapped 689 6.1%

Manual/Domain Match 248 2.0%
Na•�ve Match 157 1.2%
Regex Match 221 1.7%

5.4.7 Concept Linking Results

The link creation results from the various matching approaches are available in Figure

5.7 and Table 5.2. The large majority of concepts (89.6%) were mapped using the

Named Entity Matching approach. One of the reasons for explaining these results points

to the di�erences in the methods used to populate the SPARQL endpoints. In the

majority of SPARQL endpoints, the number of concepts retrieved was low (between

1 and 108), while in two cases (PDB and SGD), the number of concepts retrieved

was signi�cantly larger (1,672 and 9,476 respectively). It was noticed that in these

cases concepts, as opposed to instances, were being used to describe entities of type

Molecule or Organism, with each concept containing only one or two instances. The

proposed methodology could map these concepts based on named entity matching

(e.g. concepts with pattern http://bio2rdf.org/hmmpir: could be mapped to Pro-

tein). In many cases the URI representing concepts consisted of url-encoded labels e.g.

(http://bio2rdf.org/pdb:1%2C1%2C5%2C5tetra
uorophosphopentylphosphonicAcidAdenylateEster), which made linking

a challenge. A similar situation was found when the concept was formed using an

alpha-numeric combination for which a label could not be found either in its source

SPARQL endpoints or through browsing ontology registry services such as Bioportal e.g.

(http://bio2rdf.org/so:0000436).

Domain experts were only consulted for �lling the gap in recognising possible matching

patterns whereas all the subsequent linking processes were automated. Although a very

low percentage of linking was achieved through the Na•�ve Matching or Domain Matching,

the quality of these links was very high as it relied, when available, on precise often

standardised terms. There were cases when a concept could not be directly mapped to any

of the query elements but nevertheless remained within the scope of the query elements.

As an example, it was found that instances of concept \Peptide", which represents a

portion of a \Protein" but not necessarily an instance of a \Protein". In those cases, the

appropriate relationship would specify that (Peptide containedIn: gr:Protein) or to lift
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Figure 5.7: Graphical representation of statistics regarding di�erent concepts linked
using the proposed linking approaches

Table 5.3: Statistics regarding di�erent properties linked using the proposed linking
approaches.

Total Properties 41,370
Total Distinct Properties 1,792 96.6%

Na•�ve Linking 194 10.8%
Manual Linking 400 22.3%

Out-of-scope/Unlinked 1,198 66.8%

the term \Peptide" to query element level. Automating the creation of such links was

out of the scope for this report [7].

5.4.8 Properties Linking Results

Out of 41370 properties, 1,792 were distinct, indicating that there is signi�cantly more

`property' reuse in LS-LOD than `concept' reuse. In other words a lot of SPARQL

endpoints share the same generic properties(e.g. owl:sameAs, rdfs:label, foaf:name).

Figure 5.8 illustrates the links created by each of the approaches described. Approximately

66.8% of the properties remained unlinked due to the fact that a signi�cant proportion

of properties were considered irrelevant in the context of the Qe selected, which indicates

that they may be applicable to a new set of Qe. It is also worth noticing that 6.1% of

identi�ed concepts and 66.8% of the properties remained unlinked; they were either out

of scope or could not match any of the query element [7].
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Figure 5.8: Graphical representation of statistics regarding di�erent properties linked
using the proposed linking approaches

This indicates that quality as well as the quantity, of links created is highly dependent

on the input list of query elements. The larger the number of query elements, the better

the quality of the links created e.g a concept called `peptide' would link to gr:Peptide if

such an element existed. However, selecting from a large number of query elements is not

always practical for querying. As such, there should be a balance between the number of

Qe and the accuracy of links created. Author attempted to link almost 12000 concepts

to 60 query elements to avoid the need to browse more than 12000 concepts in order

to assemble a query. Notice that the query elements selected were chosen by domain

experts; a change in the query element set may result in di�erent links being created

and therefore the proposed solution can be applicable to any set of query elements [7].

5.5 ARDI Applications

The ARDI is exposed as a SPARQL endpoint8 and relevant information is also docu-

mented9. As cataloguing and linking is a continuous process i.e as soon as new relevant

SPARQL endpoint is available it can be catalogued. As of 31st March 2016, the ARDI

consists of 263,731 triples representing 12,658 distinct classes, 1,792 distinct properties

and 13,027 distinct Orphan Classes catalogued from 137 public SPARQL endpoints.

By introducing ARDI the author addresses the second research question i.e\Retrieve

information about the same entities from multiple sources using di�erent schemas".

Cataloguing and linking approaches cluster similar entities represented by di�erent

schemas published at multiple sources. For example same entity \Molecule" represented

using di�erent names and schemas (e.g. smallMolecule, molecules and Molecule) can be

8http://vmurq09.deri.ie:8007/graph/Roadmap (l.a.: 2016-07-31)
9ARDI Homepage: https://code.google.com/p/life-science-roadmap/
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Figure 5.9: Architecture of Domain-speci�c Query Engine

regarded as one. Such entities can be retrieved from multiple sources at the cataloguing

phase and group together at the linking phase.

5.5.1 BioFed: A Domain-speci�c Query Engine

Fundamentally the Domain-speci�c Query Engine (DSQE) is a SPARQL query engine that

transforms the expressions from one vocabulary into those represented using vocabularies

of known SPARQL endpoints and combines those expressions into a single query using

SPARQL SERVICE calls. The engine executes the resulting statement and returns the

results to the user (Fig. 5.9). DSQE is implemented on top of the Apache Jena query

engine and extends it by intercepting and rewriting the SPARQL algebra10. Most of

the algebra is unmodi�ed and the proposed approach concentrated on the base graph

patterns (BGP) which are e�ectively the triples found in the original SPARQL query [ 8].

DSQE comprises two major components namely: the SPARQL Algebra rewriter and the

ARDI. The algebra rewriter examines each segment of the BGP triples and attempts to

expand the terms based on the vocabulary mapping into terms of the endpoint graphs

and stores the result for each. Hence it e�ectively builds the BGPs for all known graphs

in parallel. In the �nal stage, the rewriter wraps the BGPs with SERVICE calls, using

the ARDI to determine the \relevant" endpoint, and uni�es them together along with

the original BGP. The result is passed back into the standard Jena query process and

10 http://www.w3.org/TR/sparql11-query/#sparqlAlgebra (l.a.: 2014-07-30)
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